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ABSTRACT: 
 
Modern energy management systems are increasingly challenged by the complexity, uncer-
tainty, and high-dimensional data generated by advanced power systems. These challenges have 
driven a growing interest in integrating intelligent techniques such as machine learning (ML) and 
deep learning (DL) into energy management to improve system adaptability and efficiency. 
Among these approaches, reinforcement learning (RL) has emerged as a promising solution due 
to its ability to handle dynamic, sequential decision-making processes under uncertainty. RL has 
demonstrated its potential not only in energy management but also in related areas such as 
demand response, operational control, and renewable energy integration. 
 
This research delves into the development of RL-based frameworks for intelligent energy man-
agement in grid-interactive buildings, with a special focus on the integration of electric vehicles 
(EVs) as distributed energy resources (DERs). Firstly, the thesis carries out a systematic review 
of the foundational principles of RL and its diverse applications within the domain of power sys-
tems. 
 
Subsequently, a data-driven framework leveraging the Soft Actor-Critic RL algorithm is proposed 
to enable prosumers to reduce energy costs, enhance grid stability, improve renewable energy 
utilization, and maintain user comfort. Simulation results highlight the effectiveness of the pro-
posed framework, showing significant performance gains over state-of-the-art control strategies 
in terms of cost efficiency, CO₂ emissions reduction, and grid resilience. Additionally, the study 
provides a critical evaluation of the practical challenges and opportunities of implementing RL-
based systems in real-world scenarios.  
 
The insights gained highlight the transformative potential of RL in enabling adaptive and sustain-
able energy management practices. By addressing both the technical complexities and real-
world applications, this research advances the understanding of intelligent energy systems and 
underscores the importance of RL in meeting the growing demands of modern energy infra-
structures while promoting sustainability and economic viability. 
 
 
 
 
 
 

KEYWORDS: Artificial Intelligence, Deep Learning, Energy Management Systems, Reinforce-
ment Learning, Renewable Energy. 
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1 Introduction 

After decades of development, power systems have become highly complex networks of 

electronics and electrical devices. These days, economic, technological, environmental, 

and political motivations have driven the transformation of conventional grids into more 

sophisticated, reliable, and sustainable grids (Ipakchi and Albuyeh, 2009). Within that 

landscape of modern energy systems, microgrids have emerged as a transformative so-

lution, offering localized and resilient power generation and distribution capabilities. Mi-

crogrids function on a smaller scale than conventional centralized power grids, providing 

power to certain communities, regions, or even individual buildings (Parhizi et al., 2015). 

Microgrids are revolutionizing the production, distribution, and use of power by integra-

ting various renewable energy sources, energy storage devices, and cutting-edge control 

technology. 

 

Although the deployment of microgrids is significantly growing, the high penetration of 

renewables and integration of distributed energy resources (DERs) including electric 

vehicles (EVs), as well as the bi-directional energy flow and information, have brought 

many challenges (Vineetha and Babu, 2014). First, the large penetration of intermittent 

resources brings operational challenges and impacts on power quality and system stabi-

lity due to the uncertain nature of renewable resources. For instance, a wind turbine 

generates fast ramping as wind speed changes while also creating sudden power cutoff 

at high wind speeds to protect its blades and turbine. Secondly, the explosion of infor-

mation and its growing complexity causes problems for grid operators in analyzing and 

making rational decisions regarding grid operation (Hossain et al., 2019). 

 

To tackle these challenges, many studies have been conducted in different aspects such 

as architecture, power electronics, security, demand response, energy scheduling stra-

tegy, and energy management systems. Research on effective energy management stra-

tegies has been a primary focus and a prevailing topic of interest in the field (Nakabi and 

Toivanen, 2021). 
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The current energy management system (EMS) must be extensively re-engineered into 

an integrated and intelligent eco-system that handles not only microgrids’ components 

but also utilizes data from different energy sources, hardware power, and even the elec-

tricity spot market price. Therefore, modelling techniques and associated essential 

enabling technologies remain hot issues that demand extensive scientific study. Es-

pecially, there is a growing need for more sophisticated and adaptive approaches to ar-

tificial intelligence (AI) – based EMS to maximize energy flexibility while minimizing the 

operation cost. 

 

This thesis aims to design and simulate an intelligent energy management system on the 

prosumer side that integrates the approach of energy consumption and generation pre-

dictions with deep learning and reinforcement learning (RL) techniques to select the op-

timal actions and achieve the best performance by evaluating multiple key performance 

indicators (KPIs). The research system must be flexible to handle such complex energy 

systems including renewable energy sources (solar), batteries, and electric vehicle char-

ging stations. 

 

We structure this work as follows: In Chapter 2, we provide the study background by 

exploring global energy challenges, discussing advanced energy management ap-

proaches, and emphasizing RL’s relevance in energy optimization. Chapter 3 outlines the 

research questions, methodology and research process. Chapter 4 details the literature 

review presenting key findings on energy management strategies and RL applications, 

and identifying gaps that the study aims to address. Based on the literature review, in 

Chapter 5, we propose an RL-based iEMS for the simulation study including system mod-

elling, the design of an RL control algorithm and performance evaluating methods. Chap-

ter 6 describes the simulation work evaluating the performance of the optimized algo-

rithm. We then reflect on the application of RL in energy management and address chal-

lenges in implementing RL-based solutions in real-world scenarios in Chapter 7. 
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2 Study Background 

2.1 Global Energy Challenges and Sustainability 

Buildings constitute a significant source of greenhouse gas emissions, with their carbon 

footprint steadily increasing. Globally, buildings account for over 34% of the total energy 

demand and approximately 37% of CO2 emissions (United Nations, 2022). The same re-

port also found that: 

• CO₂ emissions witnessed a 2% increase from pre-pandemic levels. 

• Operational energy demand for heating, cooling, lightning, and other appliances 

grew by 3% from 2019. 

• Notable uptick of 16% in investments to enhance energy efficiency in 2021. However, 

this advancement was counteracted by an unparalleled expansion in the floor space, 

thus negating the positive impacts of the energy efficiency measures. 

 

Mitigating the carbon footprint of the building sector is now more crucial than ever in 

reaching the climate objectives established by multiple nations in the Paris Agreement, 

aimed at addressing climate change. 

 

Yet sustainability goals, which are spearheaded by global institutions including the 

United Nations (UN) and the Paris Agreement, are meant to tackle the urgent issues 

brought about by climate change. The urgent necessity of shifting to clean, renewable 

energy sources and improving energy efficiency in order to mitigate the effects of climate 

change is emphasized by the UN Sustainable Development Goals (SDGs), specifically 

Goal 7 (Affordable and Clean Energy) and Goal 13 (Climate Action). The worldwide agree-

ment on lowering greenhouse gas (GHG) emissions, encouraging energy conservation, 

and guaranteeing sustainable economic growth is reflected in these objectives. 

 

Climate change concerns center around the dramatic rise in global temperatures, which 

is largely attributed to the burning of fossil fuels and deforestation. The resulting in-

crease in carbon dioxide (CO₂) and other GHGs in the atmosphere has led to more 
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frequent and severe extreme weather events, such as hurricanes, wildfires, and floods. 

These environmental changes threaten ecosystems, biodiversity, and human health, 

while also causing significant economic damage. 

 

 

Figure 1. The UN Sustainable Development Goals (United Nations, 2015). 

 

Improving energy efficiency in buildings, industries, and transportation is crucial for re-

ducing global energy consumption and CO₂ emissions. Sustainable technologies and in-

telligent energy management systems, especially those powered by AI and machine 

learning, are essential for meeting climate goals and reducing energy waste. As smart 

buildings become more prevalent, integrating technologies like AI, IoT, and building au-

tomation, researchers are developing advanced control algorithms to optimize energy 

use and maintain comfort. These systems must manage not only traditional loads like 

HVAC, but also incorporate renewable energy, energy storage, and electric vehicle charg-

ing. 
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2.2 Reinforcement Learning  

2.2.1 Overview of Reinforcement Learning 

Reinforcement learning (RL) is a field of machine learning in which an AI system, often 

called an agent, learns by engaging with its environment 𝐸 and getting feedback based 

on the given actions. This feedback comes in the form of rewards (𝑅), intending to max-

imize the cumulative reward (Sutton and Barto, 2018). The process revolves around two 

main components: a policy (𝜋𝑡) that guides the agent's actions (𝑎𝑡) based on the state 

(𝑠𝑡), and a learning algorithm that updates the policy to improve the cumulative reward 

over time. 

 

RL aims to train the agent to accomplish a task in an unfamiliar environment. The agent 

interacts by receiving observations and rewards from the environment and responding 

with actions. The reward emphasizes how effective the action is in achieving the task's 

objective. 

 

 

Figure 2. Illustration of a reinforcement learning model. 
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In a broader context, we know that machine learning methods are categorized into su-

pervised and unsupervised learning. In supervised learning, both input data and corre-

sponding output labels are provided, with regression predicting continuous values and 

classification predicting discrete categories (Jung, 2022). The model learns by minimizing 

a loss function to reduce the error between predicted and actual labels. In unsupervised 

learning, models detect patterns in data without predefined labels, useful for explora-

tory analysis or generating class labels for later supervised learning (Jo, 2021).  

 

Reinforcement learning (RL) shares elements with both, as it involves learning from ob-

servations, but instead of labeled data, an agent interacts with an environment and is 

rewarded or penalized based on actions (Sutton and Barto, 2018). 

 

 

Figure 3. Machine learning techniques (Nagy et al., 2018). 

 

A unique challenge in RL, unlike other types of learning, is managing the balance be-

tween exploration and exploitation. To maximize rewards, an agent must favour actions 

it has previously found to be effective. However, to identify these actions, the agent also 

needs to try new, unexplored territories (Sutton and Barto, 2018). This creates tension: 

the agent must exploit its current knowledge to gain rewards but also explore new pos-

sibilities to enrich the knowledge base and to improve future action choices. Focusing 

solely on exploration or exploitation would lead to failure, so the agent must experiment 
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with different actions while increasingly prioritizing those that seem most effective. In 

stochastic environments, each action needs to be tested multiple times to accurately 

predict the expected reward. This exploration-exploitation dilemma has been studied in 

great detail by mathematicians over the years, but it is worth noting that this issue does 

not arise in the setting of supervised learning as it is typically defined. Another challenge 

is the curse of dimensionality, where the number of potential states and actions in a 

complex environment becomes excessively large, making it challenging to determine an 

optimal policy (Nagy et al., 2018). 

 

 

2.2.2 Reinforcement Learning Applications in General 

RL has gained significant attention for its applications in real-world scenarios across var-

ious industries (Sutton and Barto, 2018). Numerous papers have suggested the use of 

Deep RL for autonomous driving (Kiran et al., 2022). In self-driving cars, multiple factors 

must be examined, including speed limits in different areas, identifying drivable zones, 

and avoiding collisions. RL can be applied to various autonomous driving tasks, such as 

route optimization, motion strategy, dynamic pathfinding, controller tuning, and devel-

oping scenario-based principles for highway driving (Kiran et al., 2022). For instance, RL 

can be used to learn automatic parking strategies, while lane changes can be handled 

using Q-Learning. Overtaking can be achieved by training an overtaking policy that avoids 

collisions and maintains a consistent speed afterwards. AWS DeepRacer, a self-driven 

racing vehicle created to test RL on a real track, is a fascinating illustration of RL in action 

(“AWS DeepRacer,” 2024). 

In industry, robots powered by RL are employed to perform various tasks. These robots 

not only operate more efficiently than humans but are also capable of handling danger-

ous tasks that would pose risks to people. A prime example is DeepMind’s deployment 

of AI agents to regulate the cooling systems in Google Data Centers, which led to a 40% 

decrease in energy costs. The AI system now manages the centers autonomously, with-

out requiring human involvement (“Google DeepMind,” 2024). 

 



 17 

 

Figure 4. A modular perception-planning-action pipeline for deep learning-based self-driving 
cars (Grigorescu et al., 2020). 

 

Another impressive application of RL is in gaming. Google DeepMind team used RL to 

develop artificial intelligence capable of playing complex games such as chess, Go, and 

shogi (Japanese chess). This approach was instrumental in creating AlphaGo, the first AI 

to defeat a professional human Go player. Building on that success, DeepMind developed 

AlphaZero, a deep neural network agent that taught itself to play chess at a level ad-

vanced enough to surpass the Stockfish chess engine in just four hours (Silver et al., 

2017). 

 

AlphaZero operates with only two key components: a neural network and an algorithm 

known as Monte Carlo Tree Search. This contrasts with the brute-force computing ap-

proach of Deep Blue, which, in 1997, when it beat world chess champion Garry Kasparov, 

processed 200 million possible chess positions per second. However, unlike Deep Blue, 

the workings of deep neural networks like AlphaZero are less transparent, limiting our 

understanding of their decision-making processes (Silver et al., 2017). 

 



 18 

 

Figure 5. RL-based AlphaZero in chess games (Silver et al., 2017). 
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3 Research Objectives and Process 

3.1 Research Objectives and Questions 

Based on the study background in section 2, the goal of this study is to address the fol-

lowing research questions: 

Q1: What could be the main research trends highlighting the current state of RL algo-

rithms in the context of building energy management? 

Q2: How can an intelligent energy management system (iEMS) be designed and devel-

oped for prosumers, integrating renewable energy and EVs using RL techniques? 

Q3: How does the performance of the proposed iEMS compare to existing state-of-the-

art control methods? 

Q4: What are the key recommendations for the effective implementation and deploy-

ment of iEMS in real-world prosumer-oriented environments? 

 

 

3.2 Research Process 

The focus of this research is to explore the application of RL in the field of building energy 

management and its integration with prosumers (entities that both produce and con-

sume energy). With increasing complexity in energy systems due to the inclusion of RES, 

such as solar PV, and EVs, traditional energy management methods struggle to optimize 

decisions in real time. An intelligent Energy Management System (iEMS), driven by RL 

techniques, can address this challenge by continuously learning and adapting to dynamic 

energy environments. 

Details of the research process are outlined below. 

 

 

3.2.1 Literature Review and Trend Identification (Step 1) 

Objective (Q1): Understand the current state and trends in RL algorithms for building 

energy management. Conduct a comprehensive literature review of RL applications in 



 20 

energy management, identifying key algorithms, such as Q-Learning, Deep Q-Networks 

(DQN), Proximal Policy Optimization (PPO), and Actor-Critic methods. Analyze recent 

studies that address different aspects of energy optimization, including load shifting, de-

mand response, and energy storage. Highlight trends and research groups, such as the 

use of multi-agent systems, deep RL for continuous control, and model-free RL in han-

dling real-time, stochastic energy environments. 

Deliverable: A systematic review that maps the evolution of RL algorithms in building 

energy systems, identifying strengths, limitations, and gaps in existing research. 

 

 

3.2.2 Design and Development of an iEMS (Step 2) 

Objective (Q2):  

Develop an iEMS for prosumers that integrates RES and EVs using RL techniques. 

▪ System Design: 

Define the architecture of the iEMS, incorporating key components such as solar 

PV, battery storage, EV charging stations, and building loads. 

▪ RL Algorithm Selection:  

Based on findings from Step 1, select and customize RL algorithms for the specific 

energy management tasks. For instance, use Deep RL (DRL) to manage decision-

making in continuous action spaces, such as energy storage and load shifting. 

Model prosumers’ energy production (from solar PV) and consumption, and EV 

charging/discharging schedules. 

▪ Simulation Environment:  

Use platforms like CityLearn to simulate urban environments and building inter-

actions, allowing for the testing of RL-based iEMS in scenarios with fluctuating 

renewable energy, variable EV charging demands, and real-time energy prices. 

Deliverable: 

 A functional iEMS prototype that leverages RL algorithms to dynamically optimize en-

ergy flows between renewable sources, EVs, storage systems, and the grid. 
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3.2.3 Performance Evaluation and Benchmarking (Step 3) 

Objective (Q3):  

Evaluate the performance of the proposed iEMS compared to existing control methods. 

▪ Performance KPIs:  

Define main KPIs for comparison: net energy cost, emissions, average daily peak, 

(1 - load factor), ramping, and EV user comfort. 

▪ Benchmarking:  

Compare the RL-based iEMS with state-of-the-art control methods, such as base-

line, rule-based, and default RL control. 

▪ Experiments:  

Run simulations to test the iEMS’s adaptability and robustness. 

Deliverable:  

A performance evaluation report detailing how the RL-based iEMS outperforms (or per-

forms comparably to) existing methods in terms of efficiency, scalability, and real-time 

adaptability. 

 

 

3.2.4 Conclusion and Future Direction (Step 4) 

Objective (Q4):  

Identify and suggest best practices and challenges for deploying iEMS in real-world 

prosumer environments. 

Deliverable: 

A set of guidelines and recommendations for the effective implementation and deploy-

ment of RL-based iEMS in real-world prosumer settings, addressing technological, regu-

latory, and user-related challenges. 
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4 Literature Review 

4.1 Literature Extraction Strategy and Data Set 

The literature review session proceeds through a series of steps and employs a system-

atic review technique for reviewing published papers, with the ultimate goal of identify-

ing key concepts, terminology, and research gaps in existing knowledge. The study elim-

inates the possibility of bias by using a clear, strict, and reliable technique to provide 

objective and repeatable results. The review's primary data source is derived from the 

Web of Science's (WOS) most current publications. The following are the extraction cri-

teria:  

 

1) Publications’ titles or abstracts contain the keywords “building” or “home” or 

“house” and “energy management” and “reinforcement learning”. 

2) Articles published during the period between 2013 to 2024 (the most ten years). 

3) Articles devoted only to examining the application of RL algorithms in building, 

household, or home energy management systems. 

 

The data extraction process provides a data set of 143 articles that are published by dif-

ferent publishers such as Elsevier (69), IEEE (40), Mdpi (24), and others (10). 

The criteria and data extraction process are demonstrated in Figure 6 below. 
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Figure 6. Literature extraction process. 

 

The visual representation of keyword networks (Figure 7) emphasizes key terms such as 

"reinforcement learning," "demand response," "home energy management," "deep re-

inforcement learning," "energy management," and "optimization." Additionally, catego-

rizing these keywords (as depicted in Figure 8) reveals a predominant focus in the litera-

ture on applying RL and artificial intelligence to optimize energy system components (in-

cluding HVAC, EVs, RES, batteries, energy storage, and home appliances) within smart 

buildings or homes. These optimizations aim to achieve various objectives related to en-

ergy costs, consumption, and user comfort. Subsequent sections will delve into the re-

view methodology, process, and findings in greater detail. 
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Figure 7. Article Network Visualization using Keyword Data. 

 

 

Figure 8. Classification of keywords. 

 

 

4.2 Review Methodology 

This review employs co-citation analysis to perform thematic analysis and identify pri-

mary research themes and emerging trends within those themes. 
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Small (1973) introduced co-citation analysis as a viable approach for identifying subject 

similarity and analyzing the evolutionary trends within the research field. Two docu-

ments (earlier) are co-cited when referenced in the bibliography of a third document 

(later). If papers A and B are both referenced by paper C, they are considered related, 

even if they do not directly reference each other. The strength of the co-citation in-

creases if the earlier papers (A and B) are referenced by numerous other papers. 

 

 

Figure 9. An illustration of co-citation coupling 

 

Co-citation analysis stands out as a distinctive approach to exploring the cognitive frame-

work of scientific fields (Small, 1973). Researchers can utilize the method to establish the 

connection between two or more studies by analyzing the overlap in the sources that 

cite them. Essentially, the more shared references between studies, the greater the sim-

ilarity of their knowledge foundation (Schneider and Borlund, 2004). As multiple authors 

co-cite the same papers, clusters of research emerge. Within these clusters, the co-cited 

papers typically revolve around common themes. Hence, the findings of the analysis as-

sist in identifying research streams and their future evolution. Such an approach is ideal 

for this review since it aims to investigate the present status, research gaps, and pro-

spects of RL applications in the context of buildings and home energy management. Mi-

crosoft Excel and IBM SPSS are utilized as the tools for conducting the review. 
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4.3 Data Analysis Procedure 

In this section, we explain a detailed process to carry out the co-citation analysis for the 

review work. Figure 10 outlines the data analysis procedure step-by-step. 

 

 

Figure 10. Co-citation analysis process. 

 

The initial step is the data collection which has been explained above in the Literature 

Extraction Strategy and Data. This resulted in a set of 143 papers in the WOS database, 

containing 6,403 citations. Then we identified the most frequently cited references using 

citation frequency, a standard approach in studies concerning knowledge structure 

(Chabowski et al., 2013).  

 

The citation frequencies highlight the most influential work, which holds a significant 

impact on the extracted papers. The subsequent step involves creating a co-citation ma-

trix that identifies the extracted articles based on their shared citations. Technically 

speaking, the outcome is a 2-dimensional binary matrix mapping between the original 

papers and those most cited references. Next, we measure the similarity (distances) 
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between the references using the Ochiai coefficient since our data is in binary format 

(Zhou and Leydesdorff, 2016). The following step is to visualize and cluster highly similar 

articles together using multidimensional scaling (MDS), which forms a two-dimensional 

spatial layout representing the knowledge structure of the extracted articles (B.Kruskal 

and Wish, 1978). Finally, research groups or clusters are established by linking pairs of 

articles that are within a distance threshold of 0.25 or lower, ensuring the interpretability 

and significance of the results (Tsai and Wu, 2010). 

 

 

4.4 Results 

Based on the citation data, the most extensively cited references have been identified 

and shown in Table 1. It is important to highlight that the references listed here are not 

selected based on the highest number of citations from the WOS database. Instead, they 

are chosen based on their prominence within the 143 publications gathered for this re-

view. Moreover, the overview indicates that the book "Reinforcement Learning: An In-

troduction" authored by Sutton and Barto, and published by MIT Press, serves as a cor-

nerstone in the establishment of RL techniques, being the most frequently cited publi-

cation in the field. 

 

We assign variables (V1 to V22) to each of the most-cited publications, enabling us to 

visualize their distances in a two-dimensional space. This facilitates the identification of 

research groups comprising publications that are closely related and share common 

knowledge. 
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Table 1. Most cited publications by the extracted data set 

Code References Type Source Citation Focus Overview 

V1 (Du et al., 2021) Research Paper Applied Energy 169 
An optimal control approach with the DDPG algorithm for a residential HVAC system across multiple zones seeks to reduce energy ex-
penses while ensuring occupants' comfort. 

V2 (Li et al., 2020) Research Paper 
IEEE Transactions on 

Smart Grid 
105 

A deep RL algorithm for demand response strategy for optimizing home appliance scheduling, considering uncertainties in resident 
behaviour, real-time electricity prices, and outdoor temperature. 

V3 (Lillicrap et al., 2019) Research Paper arXiv 15176 Advanced algorithms for continuous state and action spaces, extending the Deep Q-Learning technique. 

V4 (Lu et al., 2018) Research Paper Applied Energy 377 
Electricity Service Providers' decision-making model based on Q-Learning to achieve Service Providers' and customers' benefit while 
balancing demand response in the market. 

V5 (Lu and Hong, 2019) Research Paper Applied Energy 261 
A real-time incentive-based demand response technique for smart grid systems utilizing RL and DNN. 
 

V6 (Lu et al., 2019) Research Paper 
IEEE Transactions on 

Smart Grid 
229 

A multi-agent RL and ANN technique to ensure energy demand response with optimal control of different home appliances.  

V7 
(Mason and Grijalva, 

2019) 
ReviewPaper 

Computers & Electrical 
Engineering 

155 
The application of RL in developing autonomous building energy management systems. 

V8 (Ruelens et al., 2017) Research Paper 
IEEE Transactions on 

Smart Grid 
226 

Applying batch RL techniques to address the demand response problem in residential electrical water heaters. 

V9 (Mocanu et al., 2019) Research Paper 
IEEE Transactions on 

Smart Grid 
562 

Deep Q-learning and deterministic policy gradient methods to perform online optimization schedules for building energy management. 

V10 (Mnih et al., 2015) Research Paper Nature 29030 
Explanation regarding network structure, parameters, and algorithm of the Deep Q-Network (DQN) and demonstration applications on 
multiple human games. 

V11 
(Sutton and Barto, 

2018) 
Book MIT press 69561 

In-depth exploration of RL covering fundamental concepts, theoretical foundations, and practical implementations of RL techniques. 

V12 
(Van Hasselt et al., 

2016) 
Conference Proceed-

ing 
AAAI Conference on Ar-

tificial Intelligence 
8583 

A theoretical foundation and empirical results of Double DQN, extending the success of the DQN algorithm. 

V13 
(Vázquez-Canteli and 

Nagy, 2019) 
Review Paper Applied Energy 428 

The role of RL in demand response applications within the smart grid context. 

V14 
(Wang and Hong, 

2020a) 
Review Paper Applied Energy 243 

A review of the applications of RL in building controls focusing on examining algorithms, state, action, reward, and environment. 

V15 
(Watkins and Dayan, 

1992) 
Research Paper Machine Learning 7248 

Theoretical basis of the model-free Q-Learning algorithm. 
 

V16 (Wei et al., 2017) 
Conference Proceed-

ing 
IEEE/IET Electronic Li-

brary (IEL) 
33 

DRL-based approaches for HVAC systems in buildings to reduce energy costs and ensure user comfort. 

V17 (Xu et al., 2020) Research Paper 
IEEE Transactions on 

Smart Grid 
212 

A data-driven approach based on neural networks and RL to achieve demand response at the household level. Real-time electricity 
prices, PV generation, and EV are considered. 

V18 (Ye et al., 2020) Research Paper 
IEEE Transactions on 

Smart Grid 
116 

A combination of the deep deterministic policy gradient (DDPG) algorithm with a prioritized experience replay strategy to optimize en-
ergy usage for residential multi-energy systems. 

V19 (Yu et al., 2019) Research Paper 
IEEE Transactions on 

Smart Grid 
103 

An online energy management algorithm for minimizing energy cost and thermal discomfort cost within a smart home environment. 

V20 (Yu et al., 2020) Research Paper 
IEEE Internet of Things 

Journal 
225 

A DDPG-based energy management algorithm to control HVAC systems and ESS within smart homes without a building thermal dynam-
ics model. 

V21 (Yu et al., 2021b) Research Paper 
IEEE Transactions on 

Smart Grid 
147 

A multi-agent deep RL algorithm to control HVAC in multi-zone commercial buildings without buildings' thermal dynamics models. 

V22 (Zhang et al., 2016) Research Paper 
IEEE Transactions on 

Smart Grid 
167 

A learning-based demand response mechanism for home energy management. 
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Using MDS analysis via SPSS, the most cited works have been visualized in two-dimen-

sional space as shown in Figure 11. More frequently co-citations present greater com-

monality in the knowledge foundation and closer proximity. 

 

 

Figure 11. Visualization of research groups by MDS analysis 

 

Furthermore, using a standardized distance of 0.25, nine research groups have been 

identified. Group 1: Fundamental principles of RL; Group 2: Q-Learning RL algorithms 

with discrete action spaces; Group 3: Advanced RL algorithms to support continuous ac-

tion spaces; Group 4: RL algorithms in BEM focusing on HVAC control; Group 5: RL algo-

rithms in HEM focusing on HVAC control; Group 6: Combination of RL and DNN with-in 

household level; Group 7: Deterministic policy gradient (DPG) control for smart 

home/building environments; Group 8: Advanced RL techniques for BEM optimization; 

Group 9: Demand response optimization using RL for HEM.
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Table 2. Summary of research groups’ key findings and research theme 

Research Group 
Code 

References 
Control System/Topic RL Control Algorithm RL Agent Type Control Objectives Research Theme 

Group 1 

V11 (Sutton and 
Barto, 2018) 

Physical Tasks (Cart-Pole, Mountain 
Car), Atari Games. 

DQN, DDPG, TRPO Single Agent - Fundamental principles of RL include key components 
such as states, actions, rewards, and policies. Multiple RL 
from discrete to continuous algorithms were discussed. V13 (Vázquez-Can-

teli and Nagy, 
2019) 

Controllable Loads (HVAC), Non-shifta-
ble Loads (Security System), Shiftable 
Loads (Washing Machine) 

Q-Learning, DQN, 
DDPG, PPO, SAC, 
MARL 

Single/Multi-
Agent 

Energy Cost, Load Balancing, 
Peak Shaving, User Comfort 

Group 2 

V15 (Watkins and 
Dayan, 1992) 

Gridworld, Maze Navigation, Robotics, 
Game Playing 

Q-Learning Single Agent - The applications of Q-Learning with discrete action 
spaces. Lu and Hong concentrated on the demand re-
sponse strategies in smart grids. V5 (Lu and Hong, 

2019) 
Demand Response in Smart Grids Q-Learning Single Agent Profits of Service Providers, 

Customers 

Group 3 

V3 
(Lillicrap et al., 

2019) 

Physic Tasks (Cartpole Swing-up, Dex-
terous Manipulation, Legged Locomo-
tion, Car Driving) 

DPG Single Agent - The applications of advanced RL algorithms to support 
continuous action spaces. 

V18 
(Ye et al., 2020) 

Residential multi-energy system (MES) 
with ESS, TES, EHP, GB, PV 

MDP, PDDPG Single Agent Energy Cost 

Group 4 

V16 (Wei et al., 
2017) 

Building Energy Management (BEM) 
focusing on HVAC Control 

DQN Single Agent Energy Cost, 
Thermal Comfort 

RL algorithms in BEM focusing on HVAC control. 

V21 (Yu et al., 
2021b) 

BEM focusing on HVAC Control MAAC Multi-Agent Energy Cost, 
Thermal Comfort 

Group 5 

V22 (Zhang et al., 
2016) 

Home Energy Management (HEM) fo-
cusing on HVAC Control 

MLP, Regression 
based Learning 

Single Agent Energy Cost, 
Thermal Comfort 

RL-based HEM mainly focuses on HVAC control to mini-
mize the total electricity cost and thermal discomfort. 

V19 
(Yu et al., 2019) 

HEM focusing on HVAC Control with PV 
Integration 

LOT Single Agent Energy Cost, 
Thermal Comfort 

Group 6 

V6 
(Lu et al., 2019) 

HEM with Controllable Loads (HVAC), 
Non-shiftable Loads (Security System), 
Shiftable Loads 

Q_Learning Multi-Agent Energy Cost, 
Thermal Comfort 

Combination of deep neural networks (DNNs) for uncer-
tainty prediction and RL for energy consumption sched-
ules in household energy management. 

V9 
(Mocanu et al., 

2019) 

BEM with Controllable Loads (HVAC), 
Non-shiftable Loads (Security System), 
Shiftable Loads 

DQN, DPG Single Agent Energy Cost, 
Peak Reduction, 
Thermal Comfort 

Group 7 

V9 
(Mocanu et al., 

2019) 

BEM with Controllable Loads (HVAC), 
Non-shiftable Loads (Security System), 
Shiftable Loads 

DQN, DPG Single Agent Energy Cost, 
Peak Reduction, 
Thermal Comfort 

Deterministic policy gradient (DPG) based single-agent 
RL control in optimizing energy management within the 

context of smart environments. 

V20 
(Yu et al., 2020) 

HEM focusing on HVAC Control with 
PV Integration 

DDPG Single Agent Energy Cost, 
Thermal Comfort 

Group 8 

V7 (Mason and Gri-
jalva, 2019) 

BEM with the integration of HVAC, EV, 
BESS 

Q-Learning, SARSA, 
AC 

Single Agent Energy Cost, Energy Flexibil-
ity, User Comfort 

Advanced control techniques, specifically RL and DRL, 
to optimize energy management in building environ-

ments. V14 (Wang and 
Hong, 2020a) 

BEM with different control subjects 
(HVAC, BESS, TES, Appliances) 

PG, AC, Value-Based Single/Multi-
Agent 

Energy Cost, Energy Flexibil-
ity, User Comfort 

Group 9 

V2 
(Li et al., 2020) 

HEM with Controllable Loads, Non-
shiftable Loads, Shiftable Loads, EV 

TRPO Single Agent Energy Cost, 
Thermal Comfort 

Optimization of HEM through RL techniques in the con-
text of demand response (DR) strategies. 

V17 
(Xu et al., 2020) 

HEM with Controllable Loads, Non-
shiftable Loads, Shiftable Loads, EV, PV 

Q-Learning Multi-Agent Energy Cost, 
Thermal Comfort 
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Research Group 1: Fundamental principles of RL 

 

First, research group 1 includes two highly related publications (Sutton and Barto, 2018; 

Vázquez-Canteli and Nagy, 2019) that discuss the applications of RL algorithms in various 

domains. While Sutton and Barto's book provides a comprehensive overview of RL tech-

niques, Vázquez-Canteli's paper focuses specifically on the role of RL in demand response 

applications within the smart grid context. 

 

Multiple studies have further developed this research group, especially in the context of 

multi-energy systems including electricity, heating, and cooling for grid-interactive buildings. 

Deltetto et al., 2021 have proved that a combination of deep RL and RBC algorithms can re-

duce energy consumption and energy costs of a cluster of small buildings by 7% and 4% re-

spectively. Another study has examined the effectiveness of an advanced RL algorithm (SAC) 

in optimizing the operational costs of an office building equipped with integrated energy sys-

tems including thermal energy storage, battery storage, and solar PV generation (Brandi et 

al., 2022). The results indicate that the proposed control strategy significantly reduces oper-

ational energy costs compared to the fully rule-based control, achieving savings ranging from 

39.5% to 84.3% across various configurations. Different from the above work that uses a sin-

gle-agent RL-based strategy, Xie et al., (2023) have presented an approach to demand re-

sponse in grid-interactive buildings by combining a shared attention mechanism and an ac-

tor-critic algorithm with multi-agent deep RL (MADRL). By assigning an agent to every build-

ing, MADRL facilitates the implementation of decentralized cooperative policies aimed at re-

ducing electricity expenses and optimizing load shaping. The approach's efficacy is demon-

strated by computational tests, which yield a reduction in net load demand of more than 6% 

when compared to conventional RL techniques. 

 

Research Group 2: Q-Learning RL algorithms with discrete action spaces 

 

Research Group 2 focuses on Q-Learning based applications with discrete action spaces on 

control domains, especially in the home/building energy management context. Watkins and 
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Dayan, in 1992 laid the groundwork for Q-Learning, presenting the theoretical underpinnings 

including the proof of convergence and an explanation of the iterative learning process in-

volving states, actions, and rewards. Lu and Hong, in 2019, introduced an innovative demand 

response algorithm for smart grids, which integrates Q-Learning with deep neural network 

(DNN) techniques. 

 

Research Group 2's literature branches into two main research directions. One avenue ex-

tends the original theme by incorporating prediction algorithms like feedforward neural net-

works (FFNN) or long-short-term memory (LSTM) neural networks with Q-Learning. This ex-

tension aims to address uncertainties such as fluctuating electricity prices and indoor tem-

peratures, ultimately striving to generate optimal electrical demand profiles and offer grid 

services while ensuring user comfort in smart environments like home and residential energy 

management (Lu et al., 2019; Ojand and Dagdougui, 2022). The other avenue emphasizes 

the superiority of advanced algorithms such as soft actor-critic (SAC) and deep reinforcement 

learning (DRL) over traditional Q-Learning, particularly in handling continuous state and ac-

tion spaces (Pinto et al., 2021b, 2021a).  

 

Research Group 3: Advanced RL algorithms to support continuous action spaces 

 

Despite Q-Learning's effectiveness in diverse domains like physical control tasks and energy 

system optimization, it encounters difficulties when confronted with high-dimensional state 

spaces and continuous action spaces (Lillicrap et al., 2019; Ye et al., 2020). Research Group 3 

investigates the use of model-free RL algorithms such as DPG and DDPG, which expand upon 

Deep Q-Learning to support continuous action spaces. Ye et al., 2020 present a real-time 

autonomous energy management strategy for residential Multi-Energy Systems (MES) using 

a model-free deep reinforcement learning (DRL) approach. The study combines the deep de-

terministic policy gradient (DDPG) algorithm with prioritized experience replay to optimize 

energy usage while minimizing costs and handling uncertainties such as electricity price and 

indoor temperature. This approach operates in multi-dimensional continuous state and 
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action spaces, achieving lower energy costs compared to other DRL methods and traditional 

optimization techniques. 

 

With a particular focus on improving energy management in home and residential buildings, 

several academics have evolved Deterministic Policy Gradient (DPG) algorithms into state-of-

the-art techniques such as Soft Actor-Critic (SAC), twin delayed DDPG (TD3) and Trust Region 

Policy Optimization (TRPO). Zenginis et al. developed an RL framework using the TD3 algo-

rithm for real-time energy management in smart homes, integrating PV, ESS, and HVAC sys-

tems. Lu et al. 2023 introduced a Reward Shaping (RS)-based Actor-Critic Deep Reinforce-

ment Learning (ACDRL) algorithm designed for managing residential energy consumption 

profiles amidst uncertain factors. Real-world case studies demonstrate that the proposed al-

gorithm surpasses existing RL methods in terms of learning speed, solution optimality, and 

cost reduction, achieving approximately 38.57% lower electricity costs compared to cases 

without scheduling. 

 

Research Group 4: Applications of RL algorithms in HVAC control for BEMs 

 

The two core publications of Research Group 4 focus on the applications of DRL techniques 

to optimize the operation of building HVAC systems. They acknowledge the effectiveness of 

DRL-based algorithms in reducing energy costs while maintaining optimal room tempera-

tures. Besides, both studies emphasize the importance of data-driven approaches in control-

ling building HVAC systems. They leverage real-world data, including weather and pricing 

data, to develop and validate their algorithms, highlighting the potential of data-driven meth-

ods in enhancing building energy efficiency (Wei et al., 2017; Yu et al., 2021b). The successors 

of the core publications in Research Group 4 have expanded the primary research direction 

concerning RL algorithms in HVAC control for BEMs into various avenues, considering multi-

ple factors affecting energy consumption of buildings or offices, such as the integration of 

renewable energy, user occupancy, or multizone control (Deng et al., 2022; Macieira et al., 

2021; Shen et al., 2022). For instance, Shen et al., proposed a multi-agent deep RL framework 

utilizing a dueling double deep Q-network for single-agent optimization and a value-
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decomposition network for cooperation optimization among multiple agents in 2022. Key 

achievements and conclusions of the study include the establishment of mathematical mod-

els for BES equipment and load calculation, deploying an intelligent D3QN-PER algorithm for 

complex control tasks, and applying the VDN algorithm for multi-agent deep RL. Evaluation 

using established methods reveals substantial improvements in reducing uncomfortable du-

ration, unconsumed renewable energy, and energy costs compared to benchmark control 

models. 

 

Research Group 5: Applications of RL algorithms in HVAC control for HEMs 

 

Different from Research Group 4 which concentrates on optimization control of HVAC sys-

tems for buildings using RL and machine learning methods, Research Group 5 puts effort into 

improving energy scheduling or management within household environments, addressing 

the challenges posed by decentralized energy systems and seeking to minimize energy costs 

while maintaining user satisfaction or comfort. The two core studies in this group account for 

uncertainties in energy usage behavior, real-time electricity prices, outdoor temperature, re-

newable generation output, and other relevant factors. They propose algorithms or frame-

works capable of handling these uncertainties to achieve optimal energy management out-

comes (Yu et al., 2019; Zhang et al., 2016). 

 

It is worth mentioning that while studies in the context of home energy management typi-

cally aim to address the complexities of decentralized energy systems, publications focusing 

on buildings' energy management tend to concentrate on minimizing energy costs associated 

with HVAC systems in multi-zone structures. 

 

Research Group 6: Combination of DNN-based prediction and RL-based control within 

household level 

 

Publications forming Research Group 6 highlight the significance of Demand Response (DR) 

strategies in enhancing the efficiency and stability of power systems, particularly in the realm 
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of home energy management. RL such as Q-Learning and Deep Q-Network and deep learning 

techniques are combined for uncertainty prediction and energy consumption schedules with 

the primary goal of developing robust energy management schemes capable of handling 

multi-appliance energy management and optimizing user utility while mitigating costs (Lu et 

al., 2019; Mocanu et al., 2019).  

 

Research Group 7: Deterministic policy gradient (DPG) based single-agent RL control for 

smart home/building environments 

 

The articles from Research Group 7 highlight the benefits of using DRL algorithms for sched-

uling energy resources and controlling HVAC and energy storage systems (ESS) in smart 

homes and buildings (Mocanu et al., 2019; Yu et al., 2020). DPG techniques are used to im-

prove energy management systems. The articles also acknowledge the complexity and un-

certainty of energy management systems. These point out problems such as model uncer-

tainty, parameter uncertainty, and temporally coupled operational limitations, highlighting 

the need for creative algorithms to address these issues successfully. 

 

Research Group 8: Reviews regarding advanced RL techniques for BEM optimization 

 

Mason and Grijalva, 2019; Wang and Hong, 2020 explored the utilization of RL in BEM or 

building controls, noting RL's potential to enhance building performance and energy effi-

ciency. Both investigations thoroughly examined existing studies or literature concerning RL's 

implementation in their specific fields. Consequently, they extensively deliberated on the ob-

stacles and impediments hindering the widespread integration of RL in actual building set-

tings. These challenges include time-consuming training processes, concerns about control 

security and robustness, and limitations in generalization capabilities.  

 

Research Group 9: Demand response optimization using RL for HEM 
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The research group centers around the optimization of home appliance scheduling and en-

ergy consumption to facilitate efficient demand response at the household level. Both stud-

ies that form the research group, propose novel frameworks that employ RL algorithms to 

address the complexities of demand response scheduling. They utilize RL approaches such as 

DRL and Q-learning to optimize appliance schedules and minimize electricity costs (Li et al., 

2020; Xu et al., 2020). Furthermore, the proposed frameworks incorporate neural network-

based policies to make decisions based on high-dimensional sensory data and predictions of 

electricity prices and solar photovoltaic (PV) generation. They leverage NNs for processing 

real-time data and optimizing energy consumption schedules. 

 

 

4.5 Conclusion and Future Research Directions 

The literature review conducted for the thesis thoroughly analyzed the key studies on the 

applications of RL algorithms in optimizing building energy management. A comprehensive 

database of literature was extracted from the Web of Science, comprising 143 highly relevant 

publications on the subject during the past ten years. Utilizing bibliometric techniques, par-

ticularly co-citation analysis, the extracted database was examined, resulting in the identifi-

cation of nine distinct research groups. Furthermore, the review identified and analyzed the 

expansion of research streams and directions within each research group: 

Group 1: Fundamental principles of RL. 

Group 2: Q-Learning RL algorithms with discrete action spaces. 

Group 3: Advanced RL algorithms supporting continuous action spaces. 

Group 4: RL algorithms in building energy management (BEM) focusing on HVAC control. 

Group 5: RL algorithms in home energy management (HEM) focusing on HVAC control. 

Group 6: Combination of RL and DNN in EMS at the household level. 

Group 7: Deterministic policy gradient (DPG) control for smart home/building environments. 

Group 8: Advanced RL techniques for BEM optimization. 

Group 9: Demand response optimization using RL for HEM. 
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In conclusion, RL plays a crucial role in transforming Energy Management Systems within 

buildings by enabling intelligent, adaptive, and autonomous control of energy resources by: 

 

▪ Handling Complex, Dynamic Environments: RL enables EMS to adapt to the ever-

changing environment by learning optimal control policies through continuous inter-

action with the system. RL algorithms explore different actions (e.g., adjusting HVAC 

settings, managing battery storage, charging/discharging EV batteries, or controlling 

renewable energy systems) and learn from the feedback (rewards or penalties) based 

on energy costs, grid signals, and occupant comfort. 

▪ Optimizing Energy Efficiency and Cost Savings: Unlike traditional control approaches 

that focus on short-term goals (e.g., reducing energy use in the current time step), RL 

optimizes for long-term rewards. This is particularly important in grid-interactive 

buildings where actions taken today (such as charging or discharging batteries or pre-

cooling a building) have future implications in terms of energy consumption, grid in-

teraction, and occupant comfort. 

▪ Demand Response and Grid Flexibility: RL can be used to automate demand re-

sponse strategies by learning to shift or curtail energy loads during peak grid demand 

periods, thereby reducing the building’s reliance on the grid. By learning from the 

outcomes of past DR events, RL can improve its ability to participate in grid services 

while minimizing occupant discomfort. 

▪ Managing Distributed Energy Resources (DERs): RL can learn how to optimally man-

age on-site renewable energy systems, ensuring that energy generated from solar 

panels or wind turbines is used effectively. For instance, it can decide when to store 

excess renewable energy in batteries or when to export it to the grid, based on cur-

rent and predicted energy needs and prices. 

▪ Overcoming the Challenges of conventional controls: RL does not require an explicit 

model of the building or energy system, making it more adaptable and easier to de-

ploy in complex environments. Instead, RL learns from its interactions with the envi-

ronment, making decisions based on direct feedback rather than relying on prede-

fined models. This is particularly useful when building systems evolve or when dealing 
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with highly variable conditions such as renewable energy fluctuations, occupant be-

haviour changes, or unpredictable EV arrival and departure schedules. 

 

One noteworthy avenue for future research is the evaluation of proposed algorithms in terms 

of their impact on carbon footprint or greenhouse gas emissions. While many studies have 

applied RL algorithms with the aim of reducing greenhouse gas emissions from buildings and 

households, few have included carbon emissions as a key performance indicator in their eval-

uations.  

 

Additionally, despite the development of numerous simple and complex RL algorithms for 

various energy systems in buildings and households, there is a lack of comprehensive studies 

that consider a basic energy system incorporating renewable energy generation, EV chargers, 

electrical loads (controllable, non-controllable, shiftable, non-shiftable), batteries, and ther-

mal systems. Such a study could compare state-of-the-art RL algorithms (such as RBC, Q-

Learning, DQN, and SAC) against multiple key performance indicators for such energy sys-

tems. 
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5 Simulation Problem Formulation 

The simulation part of the research will focus solely on the design and implementation of an 

energy management system utilizing the Soft Actor-Critic RL algorithm as the method sup-

ports continuous actions and state spaces that are required to handle the complexity of GEBs 

including residential loads, renewable energy generation (solar PV), active energy storage 

system (batteries), utility grids, and EVs with two-way energy transmission (Vehicle-2-Grid, 

Grid-2-Vehicle).  

 

Figure 12 illustrates the building model that integrates electricity sources to power control-

lable distributed energy resources (DERs), including electric devices and energy storage sys-

tems (ESSs), which are used to meet non-shiftable electrical loads, provide the required en-

ergy for EV charging, and offer energy flexibility to the grid. In this model, thermal loads, 

thermal energy storage systems, and occupant models are excluded. 

 

 

Figure 12. System model including electricity sources, loads, ESSs, and EVs (Nweye et al., 2024). 
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The main objective of the simulation in this study is to optimize the energy management of 

a group of buildings by leveraging solar PV generation, Battery Energy Storage Systems (BESS), 

and EV batteries to maximize energy flexibility while satisfying non-shiftable loads, and EV 

charging demand. This is achieved through a central control agent using Soft Actor-Critic (SAC) 

deep RL to coordinate and manage the resources efficiently. 

 

 

5.1 System Model 

The entire system model represents a group of two buildings, where each building consists 

of a combination of electricity sources powering controllable distributed energy resources 

(DERs). These include electric devices and energy storage systems (ESSs) that meet electrical 

demands and provide the grid with energy flexibility. 

The system model will not take into account the thermal dynamics model of each building, 

as well as the possible power outage model of the utility grid. 

 

 

5.1.1 Loads 

The simulation considers two distinct types of loads in a building: non-shiftable loads (electric 

appliances), and EV loads. Electric equipment refers to non-flexible plug loads like lighting, 

entertainment systems, security, and monitoring systems appliances. The EV consumption 

corresponds to the energy needed to charge an EV to its target SoC before a scheduled de-

parture. 

 

 

5.1.2 Energy Storage Systems 

There are two main BESSs in a building including the stationary battery energy storage system 

(BESS) and the EV BESS. The stationary BESS is a type of DER that powers any electric device 

in a building when in discharge mode. It can also be charged by one or more of the electricity 

sources such as the utility grid, PV, or the EV BESS. The surplus energy is exported to the 
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utility grid as part of the building's net energy if the electrical storage delivers more energy 

than is required to fulfill the building's demand. The EV BESS is only available on a schedule 

that is determined by its arrival and departure times, however, the EV is a DER type and 

functions similarly to the stationary BESS. 

 

 

5.1.3 Electricity Sources 

The utility grid provides the majority of the electricity for the buildings' electric devices, while 

a separate photovoltaic system supplies self-generated power. The grid or the PV system can 

be used to charge the stationary BESS and EV BESS. When discharging, they cooperate with 

the grid and PV system to provide the buildings with electricity. As part of the buildings' net 

energy export, any excess energy from EV discharge, BESS, or self-generation flows back to 

the grid. 

 

 𝐸𝑡
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

= 𝐸𝑡
𝑛𝑜𝑛𝑠ℎ𝑖𝑓𝑡𝑎𝑏𝑙𝑒_𝑙𝑜𝑎𝑑𝑠

+ 𝐸𝑡
𝐵𝐸𝑆𝑆 + 𝐸𝑡

𝐸𝑉𝐶ℎ𝑎𝑟𝑔𝑒𝑟 + 𝐸𝑡
𝑃𝑉 (5.1) 

 

Equation (5.1) illustrates that the building’s net electricity consumption is calculated by add-

ing the positive electricity usage of all electric devices as non-flexible loads, along with the 

bipolar electricity consumption of the BESS and EV charger, and the negative electricity gen-

eration from the PV system. 

The district-level net electricity consumption will be measured by the sum of all 𝐸𝑡
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 

from all buildings. 

 

 
𝐸𝑡

𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔
= ∑ 𝐸𝑡

𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑘

𝑁−1

𝑘=0

 
(5.2) 
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5.1.4 Electric Vehicle Charger (EVC) Energy Model 

In the actual world, a building, such as a home, workplace, or public area, may have several 

EV chargers installed. Similarly, in this simulation, a single building can be equipped with 

more than one simulated charger. Each charger is modeled to replicate an actual charging 

plug. This setup allows for the simulation of scenarios where multiple EVs need to be man-

aged simultaneously, whether in a home with several EVs, an office building providing 

chargers for employees, or a public charging hub with multiple charging stations. 

Each charger has its own identity with the format as 𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖, where b stands for the build-

ing number, and i is the order number of the charger installed in the building b. When there 

is an EV connected to the charger, the electricity consumption at a time step t, denoted as 

𝐸𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
 is a function derived from the control action at the previous time step 𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
. 

 

𝐸𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
= {

𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
× 𝑝𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖,      nominal_charging , 𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
≥ 0

𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
× 𝑝𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖,nominal_discharging , 𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
< 0

 

Where  

𝑎𝑡−1

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
∈ {

[−1, 0],   𝑓𝑜𝑟 𝑉2𝐺 𝑚𝑜𝑑𝑒
[   0, 1],   𝑓𝑜𝑟 𝐺2𝑉 𝑚𝑜𝑑𝑒

 

 

The supplied energy can be calculated as a product of the electricity consumption 𝐸𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
 

and the charging/discharging efficiency 𝜂𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 . 

𝑄𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
= 𝜂𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 × 𝐸𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
 

 

 

5.1.5 EV Energy Model 

The EV model simulates EVs' real-world operation and practical limitations, focusing on their 

role as a key factor for energy flexibility within the system. In the simulation, EVs can connect 

to an EV Charger to consume energy in G2V mode, whereas in V2G mode, they discharge 

energy back to the grid. The connection and disconnection of EVs to chargers follow a 

(5.3) 

(5.4) 

(5.5) 
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predefined schedule based on a pre-simulated file, which will be explained more in the Sim-

ulation section. 

 

The EV’s battery system is the core of the EV model which inherits directly all attributions of 

Stationary Battery from the CityLearn framework. The EV Battery Energy Storage System (EV 

BESS) takes into account the battery degradation over time 𝐶𝑡
EV_BESS  as the maximum ca-

pacity gradually decreases, a roundtrip efficiency 𝜂𝐸𝑉_𝐵𝐸𝑆𝑆 which presents energy losses dur-

ing charging and discharging circles. Additionally, the EV BESS can generate a maximum in-

put/output power, which is a product of the nominal power 𝑝𝐸𝑉_𝐵𝐸𝑆𝑆,𝑛𝑜𝑚𝑖𝑛𝑎𝑙 and the SoC-

power-dependent function 𝑓(𝑆𝑜𝐶𝑡
EV_BESS ). 

 

𝑃𝑡
EV_BESS,max = 𝑝𝐸𝑉_𝐵𝐸𝑆𝑆,𝑛𝑜𝑚𝑖𝑛𝑎𝑙 × 𝑓(𝑆𝑜𝐶𝑡

EV_BESS ) 

The stored energy within the EV BESS at a time step t is calculated by a piecewise function 

depending on whether the EV is being charged (G2V) or discharged (V2G). 

In G2V mode, the EV BESS stored energy can be formalized as: 

 

𝑄𝑡
EV_BESS,G2V = 𝑚𝑖𝑛 (𝐶𝑡

EV_BESS , 𝑄𝑡−1
EV_BESS + 𝑚𝑖𝑛 (𝑄𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
, 𝑃𝑡

EV_BESS,max) × 𝜂𝐸𝑉_𝐵𝐸𝑆𝑆) 

 

The EV BESS stored energy at a time step t during charging (G2V) 𝑄𝑡
EV_BESS,G2V is the mini-

mum of either the remained energy after degradation 𝐶𝑡
EV_BESS  and the maximum energy 

coming from the control action applied via the EV charger 𝑚𝑖𝑛 (𝑄𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
, 𝑃𝑡

EV_BESS,max) ×

𝜂𝐸𝑉_𝐵𝐸𝑆𝑆 plus the initial energy remaining in the BESS at the previous time step t-1. Notice 

that we are not considering the thermal losses due to heat. 

In V2G mode, the EV BESS stored energy can be estimated as: 

 

𝑄𝑡
EV_BESS,V2G = 𝑚𝑖𝑛 (𝐶0

EV_BESS × 𝐷𝑜𝐷𝐸𝑉_𝐵𝐸𝑆𝑆, 𝑄𝑡−1
EV_BESS 

+ 𝑚𝑖𝑛 (𝑄𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
, −𝑃𝑡

EV_BESS,max) ÷ 𝜂𝐸𝑉_𝐵𝐸𝑆𝑆) 

 

(5.6) 

(5.7) 

(5.8) 
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The equation represents the total energy remaining after accounting for discharging activi-

ties, involving two main calculations. First, a depth-of-discharge (DoD) constraint limits the 

stored energy, making sure the battery is not completely discharged (DoD > 0). Second, it 

incorporates the energy drawn out for usage, 𝑄𝑡

𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑏_𝑖 
, by the connected EV charger. This 

discharge is constrained by the system’s power output capacity (denoted as −𝑃𝑡
EV_BESS,max) 

taking into account the round-trip efficiency, 𝜂𝐸𝑉_𝐵𝐸𝑆𝑆. 

The EV BESS SoC at any time step t is calculated by dividing the stored energy by the nominal 

capacity before any degradation. 

 

𝑆𝑜𝐶𝑡
𝐸𝑉_𝐵𝐸𝑆𝑆 =

𝑄𝑡
𝐸𝑉_𝐵𝐸𝑆𝑆

𝐶0
𝐸𝑉_𝐵𝐸𝑆𝑆  

 

 

5.2 Intelligent Energy Management System (iEMS) Design 

The simulation section is centered on designing and assessing the performance of an iEMS, 

as illustrated in Figure 13. The system consists of four primary layers: the Data Processing 

Layer, the Forecasting Layer, the Reinforcement Learning Layer, and the Controllable Devices 

Layer. 

 

(5.9) 
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Figure 13. iEMS Design. 

 

 

5.2.1 Data Processing Layer 

The required data for the system is categorized into three main types historical time-series 

data, building configuration data, and external data. The system relies on historical time-se-

ries data, including: 

• Solar generation: The amount of energy generated by solar PV over time. 

• Appliance electric load: The power consumption patterns of appliances in the build-

ing. 

• EV arrival and departure schedule: Information regarding the arrival and departure 

time of EVs, and the expected SoC level at departure. 

Building data includes: 

• PV nominal power: The rated output power of the building’s solar photovoltaic sys-

tem. 

• Battery capacity and efficiency: The energy storage system’s performance and capac-

ity to store energy efficiently. 
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• EV charging station power: The power consumption or generation related to EV 

charging stations. 

External data comes from outside sources and includes: 

• Electricity market price forecast: Predicted fluctuations in electricity prices. 

• Carbon intensity: Information on the environmental impact of electricity usage in 

terms of carbon emissions. 

 

5.2.2 Forecasting Layer 

The forecasting section predicts solar radiation in the next 6, 12, and 24 hours and markets 

electricity prices based on the processed data. In this research the following algorithms are 

employed: 

 

• Linear Regression: A simple statistical method for forecasting. 

• Deep Neural Network (DNN): A more advanced machine learning model used for pre-

dicting complex patterns, such as electricity market price, solar generation, and ap-

pliance load. 

 

The average values of both inference models then, are calculated to make predictions regard-

ing solar radiation and electricity price. 

 

 

5.2.3 Reinforcement Layer 

The layer contains a deep RL model that takes into use the data from the Forecasting Layer, 

observation data, and calculated rewards from the building environments to calculate the 

optimized actions that the controllable layer should act to achieve the KPIs. Details regarding 

the deep RL will be explained later in this chapter. 
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5.3 Key Performance Indicators (KPIs) 

We assess the optimal control performance using multiple KPIs targeted for minimization: 

electricity bills, carbon emissions, ramping, average daily peak, and (1 - load factor) (Vazquez-

Canteli et al., 2020). Another KPI called EV charging satisfaction rate (CSR), is added to assess 

how well the iEMS meets the charging needs of EV users based on their expected schedules 

and desired charge levels. Among these KPIs, average daily peak, ramping, and (1 - load factor) 

are measured at the district level by aggregating hourly net electricity consumption (kWh), 

𝐸ℎ
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 of all buildings in the district. Electricity cost and carbon emissions are calculated at 

the building level using buildings’ hourly net electricity consumption (kWh), 𝐸ℎ
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 . 

 

 

5.3.1 Electricity Cost 

Electricity cost refers to the total cost associated with the imported electricity from the grid 

used at the building level. It is important to note that the imported electricity cost 

(𝐸ℎ
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

∗ 𝑇ℎ𝑜𝑢𝑟) can be negative, as excess energy generated by EVs and solar PV systems 

can be sold back to the grid. 𝑇ℎ𝑜𝑢𝑟 is the electricity rate at time step hour. 

 

𝑐𝑜𝑠𝑡 = ∑ max(0, 𝐸ℎ
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

∗ 𝑇ℎ𝑜𝑢𝑟)

𝑛−1

ℎ=0

 

 

 

5.3.2 Carbon Emissions 

The carbon emissions indicator is the sum of building-level carbon emissions (𝐾𝑔𝐶𝑂2𝑒) , 

𝐸ℎ
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

∗ 𝑂ℎ𝑜𝑢𝑟. 𝑂ℎ𝑜𝑢𝑟 is the carbon intensity (
𝐾𝑔𝐶𝑂2𝑒

ℎ𝑊ℎ
). Similarly to the electricity cost, the 

carbon emissions from the build at the time step hour can also be negative depending on the 

carbon intensity at that time step. 

𝑐𝑎𝑟𝑏𝑜𝑛 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 = ∑ max(0, 𝐸ℎ
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

∗ 𝑂ℎ𝑜𝑢𝑟)

𝑛−1

ℎ=0

 

(5.10) 

(5.11) 
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5.3.3 Average Daily Peak 

The indicator is defined as the average value of the daily 𝐸ℎ𝑜𝑢𝑟
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 peak where d represents 

the day index and n is the total number of days. 

 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑎𝑖𝑙𝑦 𝑝𝑒𝑎𝑘 =
1

𝑛
∑ ∑ max (

23

ℎ=0

𝐸24𝑑+ℎ
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡, …

𝑛−1

𝑑=0

, 𝐸24𝑑+23
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡) 

 

 

5.3.4 Ramping 

Ramping refers to the absolute difference between consecutive district electricity loads, 

measuring the change in grid demand from one time step to the next. It reflects how 

smoothly the district's energy consumption profile transitions over time. Low ramping indi-

cates a gradual increase in grid demand, even when self-generation (like solar PV) is no longer 

available in the evening or early morning, which helps maintain stability in the energy supply. 

High ramping, on the other hand, represents sudden, sharp changes in demand, which can 

strain the grid infrastructure and increase the risk of blackouts due to a supply-demand im-

balance. 

 

𝑟𝑎𝑚𝑝𝑖𝑛𝑔 = ∑|𝐸ℎ
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 − 𝐸ℎ+1

𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡|

𝑛−1

ℎ=0

  

 

 

5.3.5 Load Factor 

The load factor is the ratio of the district's average monthly electricity consumption to its 

peak electricity demand. In this context, m is the month index, d is the number of days in a 

month, and n represents the number of months. This metric reflects the efficiency of 

(5.12) 

(5.13) 
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electricity usage, with values ranging from 0 (indicating poor efficiency with high peaks and 

low average usage) to 1 (indicating high efficiency with steady consumption near the peak). 

The objective is to maximize the 𝑙𝑜𝑎𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 (minimize 1 − 𝑙𝑜𝑎𝑑 𝑓𝑎𝑐𝑡𝑜𝑟), promoting more 

consistent and efficient electricity use. 

 

1 − 𝑙𝑜𝑎𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 = ( ∑ 1 −
(∑ 𝐸𝑑.𝑚+ℎ

𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑑−1
ℎ=0 ) ÷ 𝑑

max(𝐸𝑑.𝑚
𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡, … , 𝐸𝑑.𝑚++𝑑−1

𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 )

𝑛−1

𝑚=0

) ÷ 𝑛 

 

5.3.6 EV Charging Satisfaction Rate 

CSR is the percentage of the number of times that EVs achieve their target state of charge 

(SoC) by their expected departure time measured at the building level. It measures the sys-

tem’s ability to meet user charging preferences without compromising mobility or energy 

needs. 

 

𝐸𝑉 𝐶𝑆𝑅 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝐸𝑉𝑠 𝑚𝑒𝑒𝑡𝑖𝑛𝑔 𝑡𝑎𝑟𝑔𝑒𝑡 𝑆𝑜𝐶

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒 𝑡𝑖𝑚𝑒𝑠
× 100 

 

This KPI directly reflects the comfort and convenience for EV users, ensuring the iEMS bal-

ances grid efficiency with individual charging requirements. Maximise the CSR, ensuring that 

the iEMS efficiently manages energy while prioritizing user satisfaction and vehicle readiness.  

 

 

5.4 Reinforcement Learning 

In this section, we introduce the theoretical framework of the RL algorithm. First, a mathe-

matical theory that helps formalize RL problems known as the Markov Decision Process (MDP) 

is introduced, and then we explain how to implement the chosen Soft Actor-Critic Deep RL 

for our control problems in EMS. 

 

 

(5.14) 

(5.15) 
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5.4.1 Markov Decision Process Formulation 

An RL problem can be formalized into a Markov Decision Process (MDP), a discrete stochastic 

control process (Sutton and Barto, 2018).  

 

The EMS problem is converted to an MDP which is a quintuple (𝑆, 𝐴, 𝑃, 𝑅, 𝛾), where: 

• 𝑆 is a set of all observable states representing the controlled environment, called the 

state space. The state space can be either discrete or continuous. The Markov Prop-

erty (Bellman, 2010) requires that all states of the environment must be observable 

at any time step 𝑡. 

• 𝐴 is a set of actions, called action space that is available at the state 𝑆. Similarly to the 

state space, the action space may be discrete or continuous. During the state transi-

tion, the agent selects the next action based on a specific probability distribution, 

known as the policy 𝜋: 𝑆 → 𝐴. The sequence of states and actions generated through 

the interaction is denoted as τ: (𝑠0, 𝑎0, 𝑠1, 𝑎1, … , 𝑎𝑡−1, 𝑠𝑡). The action represents the 

decision made by the agent within the control environment to maximize its objectives, 

as mathematically defined by the reward function. 

• 𝑃 is a state transition probability matrix. 

 

𝑃𝑠𝑠′
𝑎 = 𝑃[𝑆𝑡+1 =  𝑠′ | 𝑆𝑡 = 𝑠,  𝐴𝑡 = 𝑎] = 𝑃: 𝑆 × 𝐴 × 𝑆′ 

 

This defines the probability of each possible next state 𝑠′, given any state 𝑠 and taken 

action 𝑎. Based on the Markov Property (Bellman, 2010), these probabilities are de-

termined solely by the value of the current state 𝑠 and do not rely on any prior states 

of the environment. 

• 𝑃: 𝑆 × 𝐴 × 𝑆′ → 𝑅  is the intermediate reward, received after the transition from 

state 𝑠 to state 𝑠′ due to action 𝑎.  

 

𝑅𝑠𝑠′
𝑎 = 𝐸[𝑅𝑡+1 | 𝑆𝑡 = 𝑠,  𝐴𝑡 = 𝑎, 𝑆𝑡+1 =  𝑠′] 

 

(5.15) 

(5.16) 
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• 𝛾 ∈ [0,1] is the discount factor whose purpose is to reduce the effect of future re-

wards on the present reward. When 𝛾 = 1, the agent focuses on future rewards ra-

ther than immediate ones. Conversely, when 𝛾 = 0 , the agent places greater im-

portance on states that provide high immediate rewards. 

 

The control problem can be described using two interconnected value functions: the state-

value function, symbolized as 𝑉𝜋(𝑠), and the action-value function 𝑄𝜋(𝑠, 𝑎), as presented 

below: 

 

𝑉𝜋(𝑠) = 𝐸𝜋[∑ 𝛾𝑘𝑅𝑡+𝑘+1

∞

𝑘=0

 | 𝑆𝑡 = 𝑠] 

𝑄𝜋(𝑠) = 𝐸𝜋[∑ 𝛾𝑘𝑅𝑡+𝑘+1

∞

𝑘=0

 | 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] 

 

These functions indicate, respectively, the desirability of being in a particular state 𝑆𝑡 in rela-

tion to the control objectives and the benefit of performing a certain action 𝐴𝑡 in a given 

state 𝑆𝑡, while following a particular control policy 𝜋 (Sutton and Barto, 2018). 

 

 

5.4.2 Soft Actor-Critic Deep Reinforcement Learning 

5.4.2.1 Key Characteristics of Soft Actor-Critic 

The Soft Actor-Critic (SAC) algorithm leverages an actor-critic architecture, utilizing two sep-

arate deep neural networks to approximate the state-value function and the action-value 

function (Haarnoja et al., 2018). 

 

(5.17) 

(5.18) 
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Figure 14. Actor-Critic Environment Interaction and ANNs in SAC (Pinto et al., 2021b). 

 

 

The key characteristics of a soft actor-critic deep RL algorithm are illustrated in  Figure 14 and 

explained below (Haarnoja et al., 2018): 

 

 

• Actor Network (Policy Network) 

The Actor Network is an ANN which is responsible for choosing the next action 𝑎∗ 

based on the current state 𝑠 of the environment. In SAC, the actor is trained to select 

actions that maximize rewards and policy entropy, encouraging exploration and 

avoiding premature convergence to suboptimal solutions. The Actor Network is also 

known as the Policy Network since it follows the policy gradient method to update 

the policy parameters in the direction suggested by the critic network. 

• Critic Network (Value Networks) 

SAC uses two ANNs, called Critic Networks to approximate the action-value function 

(Q-values). These networks approximate the action-value function (Q-values), which 

estimates the expected future rewards of taking a particular action in a given state. 

Having two critics helps reduce overestimation bias and makes the training more sta-

ble by using the minimum of the two Q-values during updates. 

• Entropy Regularisation 

The central feature of SAC is entropy maximization, which encourages the agent to 

maintain randomness in its actions (exploration) while learning. By optimizing for 

maximum entropy, the agent is encouraged to explore different actions, rather than 

always choosing the most certain or best-known action. The balance between reward 
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maximization and entropy maximization is controlled by an entropy coefficient (𝛼). A 

higher α means more exploration (higher entropy), while a lower α focuses more on 

reward maximization (exploitation). 

• Replay Buffer 

SAC uses a replay buffer to store past experiences (state, action, reward, next state). 

This allows the algorithm to reuse and learn from previous data, making training more 

data-efficient. The stored experiences are sampled randomly during the learning pro-

cess to update the networks. 

• Off-Policy Learning 

SAC is an off-policy algorithm, meaning it can learn from experiences not necessarily 

generated by the current policy (actor). This is why the replay buffer is essential, as it 

allows SAC to update the policy using previously collected experiences. 

• Soft Q-Value Update 

The Q-value updates in SAC include a soft target, meaning that the update also con-

siders the entropy of the action, not just the expected future reward. This allows the 

agent to balance between immediate rewards and exploring diverse actions. 

 

 

5.4.2.2 Entropy Regularised Reinforcement Learning in SAC 

Remember the optimal Bellman equation for all standard RL to maximize the expected sum 

of rewards as: 

 

𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝜋

𝐸
𝜏~𝜋

[∑ 𝛾𝑡(𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1))

∞

𝑡=0

], 

  

Where 𝜋∗ is the optimal policy that maximizes the expected cumulative reward over time 

and defines the agent's behaviour, specifically how it chooses actions based on the current 

state; 𝑎𝑟𝑔𝑚𝑎𝑥
𝜋

 operation selects the policy that yields the highest cumulative reward; 𝐸
𝜏~𝜋

 

represents the expectation (average) over all possible trajectories 𝜏 that the agent might take 

(5.19) 
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while following the policy 𝜋; 𝜏~𝜋 means the trajectory 𝜏 (a sequence of states and actions 

𝑠0, 𝑎0, 𝑠1, 𝑎1, …) is generated according to the agent’s policy 𝜋; 𝛾𝑡(𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1)) including 

the discount factor 𝛾𝑡, is the cumulative reward the agent expects to receive starting from 

the time 𝑡 = 0 and continuing indefinitely. 

 

Entropy regularization is the key feature of SAC, where the policy is trained to balance be-

tween maximizing the expected return and maintaining entropy, which represents the ran-

domness in action (Haarnoja et al., 2019). This directly relates to the exploration-exploitation 

trade-off: higher entropy encourages greater exploration, helping the agent learn more ef-

fectively in the long run. Additionally, it prevents the policy from settling too quickly into a 

suboptimal solution. 

 

The entropy 𝐻(𝑃) of a probability distribution 𝑃 (in this case, the policy of the agent) is math-

ematically defined as: 

 

 𝐻(𝑃) = 𝐸
𝑥~𝑃

[−𝑙𝑜𝑔𝑃(𝑥)],  

 

Where: 𝑃(𝑥) represents the probability of taking action 𝑥 according to the agent's current 

policy, 𝐸
𝑥~𝑃

 is the expected value over the possible actions sampled from the policy, and is the 

logarithm of the probability of taking action 𝑥. 

 

Entropy 𝐻(𝑃) measures the uncertainty or randomness of the policy. The higher the entropy, 

the more uncertain or exploratory the policy is, meaning the agent is more likely to try a 

variety of actions. The term −𝑙𝑜𝑔𝑃(𝑥) increases as the probability 𝑃(𝑥) decreases, meaning 

that less likely actions contribute more to the entropy. This encourages exploration by penal-

izing highly confident or deterministic choices and favouring more diverse, uncertain action 

choices. This adjustment transforms the RL problem into: 

 

 
𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥

𝜋
𝐸

𝜏~𝜋
[∑ 𝛾𝑡 (𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) + 𝛼𝐻(𝜋(∙ |𝑠𝑡)))

∞

𝑡=0

] 
 

(5.20) 

(5.21) 
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Where the entropy regularisation 𝛼𝐻(𝜋(∙ |𝑠𝑡)) has been added. 

The state-value function 𝑉𝜋 and action-value function 𝑄𝜋 of the MDP can be rewritten with 

entropy regularisation added (Haarnoja et al., 2018): 

 

 

 

 

Where 𝐸
𝜏~𝜋

[∙] is the expectation of the sum of future rewards being averaged over all possible 

outcomes following the policy 𝜋; 𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) is the immediate reward obtained by tak-

ing action 𝑎𝑡  in state 𝑠𝑡  and transitioning to the next state 𝑠𝑡+1; 𝛼𝐻(𝜋(∙ |𝑠𝑡))  is the en-

tropy of the policy 𝜋 at the state 𝑠𝑡. 

 

SAC sets up the Mean Squared Bellman Error (MSBE) as the loss function used for each critic 

network. The goal of the MSBE loss is to minimize the difference between the current Q-

value estimates and the target Q-values (based on the Bellman equation). This is key to en-

suring that the Q-functions accurately estimate the expected return of state-action pairs. 

For each Q-function 𝑄𝜃𝑖
(𝑠, 𝑎), the MSBE loss is calculated as (Haarnoja et al., 2018): 

 

𝐿(∅𝑖, 𝐷) = 𝐸(𝑠,𝑎,𝑟,𝑠′,𝑑)~𝐷 [(𝑄∅𝑖
(𝑠, 𝑎) − 𝑦(𝑟, 𝑠′, 𝑑))

2

] 

 

 Where 𝑄∅𝑖
(𝑠, 𝑎) is the Q-value estimated by the i-th Q-function (either Q1 or Q2 for the 

state 𝑠 and action 𝑎; 𝑦(𝑟, 𝑠′, 𝑑) is the target Q-value calculated using the Bellman backup:  

 

𝑦(𝑟, 𝑠′, 𝑑) = 𝑟 + 𝛾(1 − 𝑑) (min
𝑖=1,2

𝑄∅𝑖
(𝑠′, 𝑎′) − 𝛼𝑙𝑜𝑔𝜋(𝑎′|𝑠′)) 

 

(5.22) 

(5.23) 

(5.24) 

(5.25) 
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This target includes the immediate reward 𝑟, the discounted future reward using the mini-

mum of the two Q-functions (to reduce overestimation bias), and the entropy regularisation 

term 𝛼𝑙𝑜𝑔𝜋(𝑎′|𝑠′) to encourage exploration. Note that 𝑑 is just the terminal indicator which 

receives a value of 0 or 1 to indicate whether the training episode has ended. 

 

Figure 15 below outlines the most important steps to implement the SAC algorithm based on 

the OpenAI library (OpenAI, 2020). It is noticeable that SAC uses two Q-networks 

𝑄∅𝑖
(𝑠, 𝑎), 𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ [1,2] to compute Q-values, and it uses the minimum of the two as the 

target. This approach, known as clipped double Q-learning, helps mitigate the overestimation 

bias commonly encountered in RL. Besides, SAC relies on an experience replay buffer D to 

store and randomly sample past experiences (𝑠, 𝑎, 𝑟, 𝑠′, 𝑑), which helps to stabilize training 

by reusing past transitions. 
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Figure 15. Soft Actor-Critic algorithm (OpenAI, 2020). 
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6 Simulation 

In this project, we implement a Soft Actor-Critic (SAC) deep RL algorithm to optimize energy 

management for a group of buildings using the CityLearn environment, a platform designed 

for evaluating energy management strategies in urban settings. The simulation is extended 

to incorporate EVs and EV chargers, adding complexity to the management of energy systems. 

The integration of EVs introduces additional layers of dynamic energy demand and storage, 

further challenging the optimization process. 

 

SAC's capacity to balance exploration and exploitation, while effectively handling continuous 

state and action spaces, makes it ideal for this task. The extended environment simulates 

realistic interactions between buildings, the grid, renewable energy sources, and EV infra-

structure, offering a rich testbed for assessing the algorithm's performance in optimizing en-

ergy use, reducing peak demand, and maximizing energy flexibility. 

 

This setup aims to demonstrate SAC's potential in managing complex, dynamic energy sys-

tems efficiently, providing insights into future smart city implementations with sustainable 

and intelligent energy solutions. 

 

 

6.1 Simulation Environment 

CityLearn is a simulation environment designed for the study and development of energy 

management solutions in urban settings (Nweye et al., 2024). It provides a framework to 

model and simulate the behaviour of multiple buildings within a city, focusing on the optimi-

zation of energy usage, storage, and distribution. By incorporating elements such as building 

energy consumption, renewable energy generation, and energy storage systems, CityLearn 

enables researchers and developers to test and evaluate RL algorithms and other control 

strategies for improving the energy efficiency and sustainability of urban areas. This environ-

ment is particularly useful for exploring how decentralized energy systems can contribute to 

smart grid applications and demand response scenarios. 
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In this simulation project, we will utilize the following existing implementation of the City-

Learn Framework: 

• Electricity Source: Grid, Solar PV 

• Energy Storage: Battery 

• Electric Load: Non-shiftable load 

Note that for the focus on EVs and the simplicity of the energy system, we will not take into 

account the HVAC, heat pump, and DHW energy storage systems. 

 

 

Figure 16. An overview of a district energy system in CityLearn (Vázquez-Canteli et al., 2019). 

 

6.1.1 Dataset Descriptions 

The dataset used in the simulation, citylearn_challenge_2022_phase_all, is derived from 17 

zero net energy (ZNE) single-family homes in the Sierra Crest Zero Net Energy community in 

Fontana, California. These buildings were analyzed for grid integration within ZNE communi-

ties as part of the California Solar Initiative program, focusing on the impact of high PV gen-

eration penetration and on-site electricity storage. The dataset spans one year from August 

1, 2016, to July 31, 2017. In the constructed community, eight of the 17 homes feature bat-

teries with a 6.4 kWh capacity, a 5 kW power rating, 90% round-trip efficiency, and a 75% 

depth of discharge. Homes have an installed PV capacity varying from 4 kW to 15 kW 

(Vázquez-Canteli et al., 2019). In this simulation, we randomly select 2 buildings which are 
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Building 1 and Building 7, as they both have solar generation installed and have different 

patterns of electrical loads. 

 

We extend the original dataset, citylearn_challenge_2022_phase_all, to include data for a 

set of EVs that are supposed to connect to EV chargers installed in the buildings. The data for 

EVs was created using the simulation software SimBev 2.0.0 (Reiner, 2024) that can generate 

forecasts of charging demand for EVs in a given period. We focus specifically on a subset of 

the generated data that includes key details such as the Estimated Departure Time, Required 

SOC at Departure, Estimated Arrival Time, and Estimated SOC at Arrival. 

 

Table 3. Energy system properties of target buildings. 

Building 

No 

PV  [KW] Battery EV Chargers EV 

Capacity 

[kWh] 

Power 

[kW] 

Efficiency Power 

[kW] 

Efficiency Capacity 

[kWh] 

Power 

[kW] 

1 12 6.4 5 0.9 11 0.95 60 50 

7 9 6.4 5 0.9 7.4 0.90 50 50 

 

The electricity rate plan employed in the study is derived from CityLearn’s dataset city-

learn_challenge_2022_phase_all, which was based on the TOU-D-PRIME rate offered by 

Southern California Edison, the utility provider for the community. This rate plan, outlined in 

Table 4, is tailored for customers with residential batteries (Southern California Edison, 2022).  

 

Table 4. Electricity rate ($/kWh) in the simulation environment. 

Time June - September October - May 

Weekday Weekend Weekday Weekend 

08:00 – 16:00 0.21 0.21 0.20 0.20 

16:00 – 21:00 0.54 0.40 0.50 0.50 

21:00 – 08:00 0.21 0.21 0.20 0.20 
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Figure 17 illustrates that under this plan, electricity is most affordable during the early morn-

ing and late night hours, with reduced rates during off-peak months (October to May). Addi-

tionally, weekend rates offer lower prices during the peak hours of 16:00 to 21:00.  

 

 

Figure 17 Daily average electricity rate time series data. 

 

Figure 18 highlights the daily average non-shiftable loads and solar generation of the target 

buildings 1 and 7 used in the simulation. For Building 7, the non-shiftable loads hit a notice-

able peak at around 10:00, reaching just over 2.5 kWh. In contrast, Building 1 experiences 

multiple peak loads at approximately 6:00, 10:00, and 19:00, with values of 1.1 kWh, 1.5 kWh, 

and a maximum of 2.0 kWh, respectively. On the other hand, solar generation for both build-

ings looks quite similar, peaking around noon. There is no solar generation before 5:00 and 

after 20:00, suggesting these time steps correspond to nighttime or non-sunny periods. The 

solar generation ramps up significantly after 5:00, peaks at noon, and gradually declines to-

ward 20:00. 

 



 62 

 

Figure 18. Daily average non-shiftable loads and solar generation of buildings 1 and 7. 

 

 

6.1.2 Extending CityLearn Environment with EVs Data 

As of version 2.2b, CityLearn 2.2b does not provide support for EV-related functionalities, 

such as simulating commuting patterns or daily routines of EVs. Additionally, it does not 

model EV-specific behaviours like energy consumption, charging, or disconnection events 

that occur as vehicles move between locations. To overcome this challenge, we utilize SimBev 

2.0.0 (Simulation of Battery Electric Vehicles) (Reiner, 2024) as a data generation tool to pro-

vide CityLearn with essential simulated EV data that captures realistic commuting, energy 

use, and charging behaviours. 

 

SimBev can simulate the daily travel behaviours of EV users, including departure and arrival 

times, trip lengths, and driving habits. These patterns can be adjusted based on factors such 

as geographic location, user preferences, and infrastructure (charging station availability). 

The output of SimBev consists of a set of files, one for each EV in the scenario. These files are 

organized as a series of arrays, with each array representing a different aspect of the EVs' 

operation at a specific day and time, as follows: 
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TimeStamp: 

A time series of months and hours is provided, with values ranging from 1 to 12 for months 

(January to December) and from 1 to 24 for hours. When integrating with CityLearn, these 

time references align with the simulation timeline in CityLearn. 

 

EV State: 

This indicates the EV's status, with values representing whether it is plugged in and ready to 

charge (1), approaching a charger but not yet connected (2), or in transit and not connected 

(3). The EV State helps determine when the EV is available for charging or vehicle-to-grid 

(V2G) services and when it is consuming battery power during travel. This attribute is useful 

for optimizing charging schedules based on the EV’s operational state. 

 

EV Charger: 

This specifies the charging station is connected to or planning to connect to. It holds no spe-

cific value (‘nan’) if no destination charger is specified or a charger ID. 

 

Estimated Departure Time: 

This is the anticipated time when the EV is expected to leave its current location (e.g., home, 

workplace, or charging station). Knowing the estimated departure time allows energy man-

agement systems to optimize charging schedules to avoid peak grid times or to charge during 

times of high renewable energy availability. 

 

Required SOC at Departure: 

The "Required SOC at Departure" indicates the minimum battery charge needed to meet the 

next trip’s energy demands. For example, if a long commute is anticipated, a higher SOC may 

be required. This attribute is essential for ensuring that the EV has adequate charge for the 

planned journey, without unnecessary overcharging. 
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Estimated Arrival Time: 

This is the predicted time when the EV will arrive back at a location where it can be parked 

and possibly recharged i.e., home. Knowing the arrival time helps in planning the EV's avail-

ability for charging or vehicle-to-grid (V2G) services, as well as understanding when the EV 

will be idle and able to contribute to energy flexibility. 

 

Estimated SOC at Arrival: 

This represents the expected battery level (SOC) when the EV arrives. It accounts for the en-

ergy consumed during the journey and helps determine how much additional charging will 

be needed before the next trip. By knowing the SOC at arrival, energy management systems 

can decide if charging is immediately necessary or if it can be delayed to align with lower-

cost or lower-emission electricity availability. 

 

 

6.2 Simulation Implementation 

6.2.1 Extending CityLearn with EVs Implementation 

The simulation environment is built on the foundational structure of CityLearn, which is 

based on the OpenAI Gym standard (Brockman et al., 2016). Consequently, the core imple-

mentation revolves around the Environment class that inherits directly from the Gym. The 

domain model of the simulation platform comprises various components, including buildings, 

heat pumps, electric heaters, thermal storage tanks, stationary batteries, and PV systems. 
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Figure 19. Component diagram of CityLearn 2.2b. 

 

Figure 19 illustrates CityLearn's component diagram, which does not include support for EV-

related domains such as EV chargers and EVs. The diagram highlights that CityLearn's original 

design had three main classes: Building, StorageDevice, and ElectricDevice.  

 

The Building class includes two storage device types: the StorageTank child class provides 

the concrete implementation for components such as DHW (domestic hot water), cooling, 

and heating tanks; the Battery class implements behaviours of an active energy storage sys-

tem. A storage device instance has the general attributes of an energy storage system such 

as energy capacity, round-trip efficiency, initial SOC, SOC, and the action to charge or dis-

charge with a certain power value. On the other hand, a building also consists of multiple 

other electric devices such as a solar PV system, heat pumps for energy generation, electric 

heaters, and non-shiftable loads for energy consumption. 
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Figure 20. Implementation of EVs into CityLearn environment. 

 

For the integration of EVs in the original CityLearn, we need to implement new models for 

EV-related domains i.e., the EVCharger and EV classes. The EVCharger class is derived from 

ElectricDevice to provide the action of EV electricity consumption in G2V mode and energy 

generation in V2G mode. The EV class is also a type of electric device that can function as an 

energy generation or energy consumption via its battery system. Figure 20 illustrates the new 

types of devices for EVs and their relationships to other components within the CityLearn 

environment. 

 

 

6.2.2 RL Agent Design 

CityLearn offers three possible control configurations: single agent, autonomous multi-agent, 

and synchronized multi-agent, as illustrated in Figure 21. 
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Figure 21 Control configurations (from left to right): single agent, autonomous multi-agent, and syn-
chronized multi-agent. The study employs the single-agent control (Nweye et al., 2024). 

 

In the single agent configuration, a centralized control agent collects observations from all 

buildings and prescribes actions for the district's DERs. The agent gets a reward value at each 

time step and learns a control policy. This setup is similar to an energy aggregator managing 

multiple distributed energy resources across multiple buildings. In the simulation, we employ 

the single agent configuration as it offers several benefits serving the study purposes: 

 

• Centralized Control and Coordination: With a single agent overseeing all buildings and 

DERs in the district, there is a streamlined, centralized approach to decision-making. 

This allows for more effective coordination across resources, which can maximize sys-

tem-wide benefits, such as overall energy efficiency and peak load reduction. 

• Simplified Training Process: Since only one agent is trained, the training process is 

generally simpler and faster compared to multi-agent setups. The agent learns a sin-

gle, unified policy that applies to the entire district, reducing the computational com-

plexity associated with training multiple independent agents. 

• Similar to Real-World Aggregators: The single-agent setup is analogous to how real-

world energy aggregators manage distributed resources across a grid. This makes it a 



 68 

useful configuration for simulating and testing control strategies that could be applied 

in practical, aggregated energy management systems. 

 

 

6.2.3 RL Observation and Action Space Design 

Table 5 shows that the agent's observation space comprises community-level time stamp 

information and weather states, as well as building-specific states. The three timestamp ob-

servations represent the time-dependent features of the environment and are common to 

all historical data. Weather observations include both direct sun irradiance and predicted 

data from the forecasting layer. Non-shiftable load is the overall building load before account-

ing for solar power, BESS contribution, and EV charging/discharging. Net electricity consump-

tion is calculated as the sum of non-shiftable load, solar generation, BESS contribution, and 

EV chargers consumption as equation (5.1). Carbon emissions and net electricity prices cap-

ture the environmental and financial impacts of using the utility grid to meet building de-

mands. To support the learning process, observations are transformed using cyclical trans-

formations, min-max normalization, or one-hot encoding, depending on the data types. 

  

Table 5. Observation space. 

Observation Unit Transformation 

DateTime 

Month - One-hot 

Hour - Cyclical 

Day type (weekday or weekend) - One-hot 

Weather 

Direct solar irradiance W/m2 Min-max norm. 

Direct solar irradiance (+6h) W/m2 Min-max norm. 

Direct solar irradiance (+12h) W/m2 Min-max norm. 

Direct solar irradiance (+24h) W/m2 Min-max norm. 

Building 
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Solar generation kWh Min-max norm. 

Nonshiftable load kWh Min-max norm. 

Batter SoC - Min-max norm. 

net_electricity_consumption kWh Min-max norm. 

Carbon emissions Kg(CO2) Min-max norm. 

Electricity price $ Min-max norm. 

Electricity price (+6h) $ Min-max norm. 

Electricity price (+12h) $ Min-max norm. 

Electricity price (+24h) $ Min-max norm. 

Electric Vehicle   

EV charger connected state - One-hot 

Connected EV’s SoC - Min-max norm. 

Connected EV’s estimated departure time Hour Min-max norm. 

Connected EV’s required SoC at departure - Min-max norm. 

Incoming EV estimated arrival time Hour Min-max norm. 

Incoming EV estimated SoC at arrival - Min-max norm. 

 

 

The action space for the SAC agent is continuous and two-dimensional, with each dimension 

corresponding to a control action for either the stationary battery or the EV charger. One 

dimension of the action space controls the stationary battery, representing the fraction of 

the battery’s capacity to be charged (positive value) or discharged (negative value). The ac-

tion values for the stationary battery range from -1 to 1, where -1 means discharging at max-

imum power, 0 means no action, and 1 means charging at maximum power. Another dimen-

sion in the action space controls the EV charger, which also supports bi-directional power 

flow (both charging and discharging). Similar to the stationary battery, values for the EV 

charger control range between -1 and 1, where positive values indicate charging the EV, and 

negative values indicate discharging the EV (sending power from the EV battery back to the 

grid or the building). The agent must consider constraints such as maximum charge/discharge 
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rates for each battery, the SoC limits, and possibly a minimum charge level to avoid depleting 

the EV or stationary battery completely. 

 

 

6.2.4 Reward Design 

The main target of the SAC deep RL agent is to minimize electricity costs while ensuring the 

satisfaction of users regarding the required SoC of EV BESS at departure time.  

 

𝑟 = ∑[(𝑝𝑖
𝑏𝑎𝑡𝑡𝑒𝑟𝑦

+ 𝑝𝑖
𝐸𝑉_𝐵𝐸𝑆𝑆) × |𝐶𝑖|]

𝑛

𝑖=0

 

 

The reward function 𝑟 is structured to reduce electricity costs, 𝐶, by providing feedback that 

accounts for all 𝑛 buildings in the system. It is calculated individually for each building 𝑖 and 

aggregated to reflect the collective performance. This function incentivizes near net-zero en-

ergy usage by penalizing situations where the grid is used to meet demand despite available 

battery energy and when there is excess energy export without the batteries being fully 

charged, through penalty terms 𝑝𝑖
𝑏𝑎𝑡𝑡𝑒𝑟𝑦

 and 𝑝𝑖
𝐸𝑉_𝐵𝐸𝑆𝑆. 

 

The former requirement regarding minimizing electricity costs by controlling the stationary 

battery system can be achieved by training the agent to charge the battery during times when 

electricity prices are low, typically between 9 PM and 4 PM when the grid also tends to have 

lower emissions. Each building is also capable of generating its power when solar radiation is 

available. By taking advantage of this self-generated solar power in the late morning and early 

afternoon, the battery system can be charged at no additional cost and then discharged 

throughout the rest of the day, resulting in lower electricity costs and emissions. Additionally, 

by using the batteries to cover early morning and evening peaks, we can reduce peak demand 

and improve the load factor, ultimately enhancing performance across the defined KPIs. We 

should guide the agent to make full use of solar energy by charging the batteries with PV 

generation whenever they have the capacity available. On the other hand, the agent should 

(6.1) 
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be trained to discharge energy when there is excess demand on the grid and sufficient energy 

remains in the batteries. 

 

𝑝𝑖
𝑏𝑎𝑡𝑡𝑒𝑟𝑦

= −(1 + 𝑠𝑖𝑔𝑛(𝐶𝑖) × 𝑆𝑜𝐶𝑖
𝑏𝑎𝑡𝑡𝑒𝑟𝑦

) 

 

When the batteries are fully charged and exporting energy to the grid, no penalty or reward 

is applied. In contrast, if the battery is at full capacity and energy is imported from the grid, 

the penalty reaches its maximum level. 

 

The reward function must also address the requirement regarding the required SoC of con-

nected EVs at departure time. Penalty term is calculated for the EV charger based on how 

well the SoC of the EV aligns with desired conditions, specifically focusing on penalizing in-

efficient or unnecessary charging behaviors. 

 

𝑝𝑖
𝐸𝑉_𝐵𝐸𝑆𝑆

= {

−𝑆𝑜𝐶𝑑𝑖𝑓𝑓 ÷ 𝑒𝑣𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒_𝑡𝑖𝑚𝑒 × 𝜔1                          , 𝑤ℎ𝑒𝑛 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑆𝑜𝐶 𝑑𝑒𝑓𝑖𝑐𝑖𝑡

−𝑆𝑜𝐶𝑑𝑖𝑓𝑓 ÷ 𝑒𝑣𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒_𝑡𝑖𝑚𝑒 × 𝜔2 × 𝑠𝑖𝑔𝑛(𝐶𝑖)       , 𝑤ℎ𝑒𝑛 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑆𝑜𝐶 𝑑𝑒𝑓𝑖𝑐𝑖𝑡

−(1 + 𝑠𝑖𝑔𝑛(𝐶𝑖) × 𝑆𝑜𝐶𝑖
𝐸𝑉𝐵𝐸𝑆𝑆)                                                      , 𝑤ℎ𝑒𝑛 𝑆𝑜𝐶 𝑠𝑢𝑟𝑝𝑙𝑢𝑠

 

 

The penalty term for EV BESS reflects that If the SOC deficit 𝑆𝑜𝐶𝑑𝑖𝑓𝑓 exceeds the maximum 

possible charge within the given time, a larger penalty is applied by the coefficient 𝜔1. It 

emphasizes the SoC difference with a heavier penalty. The calculations also effectively dis-

courage charging inefficiency when there is an SoC deficit to be reasonably met before de-

parture by scaling the penalty by the EV departure time, the time left until the EV departs. In 

another case when the SoC deficit is within a manageable range, a smaller penalty is applied 

while also addressing the factor of whether charging is costly or not by multiplying the elec-

tricity costs sign, 𝑠𝑖𝑔𝑛(𝐶𝑖). Last but not least, the penalty for SoC surplus, is calculated simi-

larly to the penalty for the stationary battery. If charging would be beneficial based on 

𝑠𝑖𝑔𝑛(𝐶𝑖), a reward is granted to incentivize reducing grid demand when the SoC is sufficient. 

 

(6.2) 

(6.3) 



 72 

6.2.5 Designed SAC Compared to Other Control Algorithms 

In the simulation, the performance of the designed SAC agent is evaluated by comparing it 

to various control algorithms, including:  

 

• Baseline control:  

In this setup, there is no intelligent control applied to the system. The battery and EV 

charger operate without any optimization, meaning they may charge or discharge in 

a default manner or not at all, based solely on unoptimized demand patterns. This 

baseline provides a reference point to measure how much energy cost and efficiency 

improvements the SAC agent and other control strategies offer compared to having 

no smart control in place. 

 

• Random Rule-Based Control (RBC):  

In this control, actions are chosen at random following a basic set of rules for the 

battery and EV charger. Although there are guidelines for when to charge or discharge, 

the specific actions are not tailored to optimize cost, emissions, or performance. 

 

• Optimized Rule-Based Control (RBC):  

This version of RBC applies a structured, rule-based approach with optimized heuris-

tics. It is based on manual configuration and has no flexibility at all, hence does not 

have the capabilities to adapt to the changes in the EV charging schedule, and varia-

bility of the loads. In this strategy, the EV charger is designed to mainly charge EV BESS 

during night time and in the early morning (10 PM – 8 AM) while the discharging is 

configured to be carried out only during 5 PM – 10 PM when the electricity price is 

potentially high. This optimized RBC is typically more efficient than random RBC and 

serves as a benchmark for how well a manually tuned, rules-based approach per-

forms compared to the designed SAC agent. 

 

• Default SAC (No Designed Reward for EV): 
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A SAC agent controls the battery and EV charger without a reward structure specifi-

cally designed for EV optimization. The agent is trained to optimize general perfor-

mance metrics, but it does not take into account detailed EV charging goals, such as 

preventing overcharging or meeting specific SoC requirements. With this design of 

the reward function, we can predict that it always charges or discharges all the time 

as there is no control tailoring for EV BESS. 

 

 

6.3 Simulation Results 

6.3.1 SAC Models Training Convergence 

In the analysis outcome, the convergence speed, or the rate at which the agent reaches op-

timal performance, between the default SAC (without EV-specific rewards) and the optimized 

SAC (with a tailored reward structure) shows no significant difference. 

 

Figure 22 illustrates that both versions of the SAC agent, despite having different reward de-

signs, take a similar number of training steps or episodes to reach their peak performance. 

This indicates that adding specialized reward terms for EV charging and discharging does not 

slow down or accelerate the learning process itself. Rather, it adjusts the agent’s focus within 

the same timeframe, helping it achieve more specific goals, such as managing EV state-of-

charge more effectively or minimizing grid interaction costs. 

 

 

Figure 22. Cumulative rewards of Default SAC and Optimized SAC. 
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In essence, the tailored reward structure refines the agent’s behaviour and outcomes, but it 

does not impact the speed at which the SAC algorithm converges. This suggests that the core 

SAC architecture is robust enough to handle complex, customized reward functions without 

sacrificing training efficiency. 

 

 

6.3.2 Performance Evaluation Through Predefined KPIs 

Figures 23 and 24 show that the optimized SAC agent (purple colour) demonstrates signifi-

cantly improved performance over the default SAC, and other control strategies in both build-

ing-level and district-level KPIs, specifically targeting energy costs, CO₂ emissions, peak man-

agement, and load efficiency. 

 

 

Figure 23. Building-level KPIs. 

 

The optimized SAC agent achieves lower electricity costs at the building level by strategically 

managing battery storage and EV charging. Its reward structure prioritizes charging during 

low-cost periods and discharging during peak demand and high electricity prices, resulting in 

a more economical energy usage pattern for each building, hence at the district level as well. 

It is also noticeable in Figure 25 and Fingure 26 that the optimized SAC lowers average daily 

peak demand by discharging stored energy in the stationary batteries and EV BESS during 

peak times across buildings, especially during the second half of the day (2 PM – 11 PM). This 

coordinated approach helps avoid high-cost, high-emission periods and reduces peak strain 

on the grid. 
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Figure 24. District-level KPIs. 

 

Figures 25 and 26 highlight an improved load factor by smoothing demand across buildings. 

The optimized SAC also minimizes ramping, ensuring a steadier energy demand profile across 

the district. Managing the stationary batteries and EV chargers smoothly, reduces the fre-

quency and intensity of load changes, contributing to grid stability. 

 

 

Figure 25. Building-level daily-average load profiles. 
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Figure 26. Building-level daily load profiles during simulation time steps. 

 

 

6.3.3 Performance Evaluation with Stationary BESS and EV BESS 

In Figure 27, the red points indicate the desired EV BESS charge level at the departure time. 

The comparison highlights whether the agent can effectively control charging/discharging 

the EV BESS to ensure the satisfaction of EV users. 

 

 

Figure 27. EV BESS SoC profiles. 

 

The EV BESS SoC profiles illustrate that the optimized SAC provides flexible, intelligent control 

that not only meets building and district-level KPIs such as cost savings, emissions reduction, 

and load balancing but also ensures the EV is consistently charged to the desired SoC level 
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before users need it. This balance reflects the optimized SAC's ability to dynamically respond 

to demand and price fluctuations, prioritizing efficient charging while meeting user needs. 

The default SAC approach, lacking tailored rewards for EV SoC optimization, tends to priori-

tize maintaining the EV SoC at the maximum level. This behaviour means that the EV BESS is 

frequently fully charged, even during peak demand times, which can drive up costs and emis-

sions due to inflexible grid reliance. The default SAC, therefore, lacks the nuanced control 

needed to optimize charging based on time-of-use rates and grid conditions, missing oppor-

tunities to charge more cost-effectively and sustainably. 

 

The custom RBC approach, although designed to improve energy efficiency, misses certain 

demand levels for the EV SoC. Without the adaptability of RL, the RBC lacks the ability to 

anticipate user needs and dynamically adjust charging in real-time, resulting in suboptimal 

SoC levels at times when the EV is expected to be ready. This rigidity leads to unmet SoC 

targets, falling short of ensuring user readiness and overall efficiency. 

 

The plots below illustrate the state of charge (SoC) profiles for stationary batteries in two 

buildings under different control strategies, highlighting how each approach manages battery 

usage over the simulation time steps. The purple line represents the optimized SAC control 

strategy, characterized by a highly dynamic and adaptive behaviour. The SoC fluctuates sig-

nificantly, reaching both high and low states as needed, reflecting efficient energy utilization. 

 

In contrast, the red line represents the default SAC strategy, which is less dynamic compared 

to the optimized SAC. Although it adjusts the SoC over time, it does not utilize the battery’s 

full capacity as efficiently. Additionally, during the initial simulation period, the default SAC 

strategy appears to overextend the battery capacity by persistently discharging, resulting in 

lower SoC levels. 
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Figure 28 Stationary batteries SoC profiles. 
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7 Discussion and Conclusions 

This research contributes to the growing field of deep RL for intelligent energy management 

in grid-interactive buildings. By focusing on the development of specialized RL-based energy 

management systems, the study demonstrates how flexible control of distributed energy re-

sources (DERs), especially the integration of EVs, can empower prosumers to reduce energy 

costs, enhance grid stability, optimize energy use, and integrate renewable energy sources 

more effectively. The findings underscore the potential for RL-based systems to enable more 

efficient energy management at both the building and grid levels. Additionally, the study pro-

vides insights into the practical challenges and benefits of prosumer engagement in modern 

energy systems, highlighting the need for further refinement to ensure robust, real-world 

implementation. Overall, this research advances our understanding of how intelligent control 

mechanisms can drive sustainable and economically viable energy practices in grid-interac-

tive buildings. 

 

 

7.1 Application of RL in the Context of Energy Management in GEBs 

By analyzing 143 key studies from the past decade on RL applications in building energy man-

agement, using bibliometric analysis, particularly co-citation techniques, the present re-

search identified nine main research groups spanning topics from RL fundamentals, Q-Learn-

ing for discrete actions, and advanced RL methods supporting continuous actions, to more 

specialized applications in building energy and home energy management with a focus on 

HVAC control. It also covered RL and deep neural networks (DNN) integration in household 

energy management systems, deterministic policy gradient control for smart homes, ad-

vanced RL techniques for BEM optimization, and demand response optimization using RL. 

For future work, the review highlights a need to assess RL algorithms’ impact on carbon emis-

sions, noting that few studies include emissions as a performance metric. Additionally, a gap 

exists for studies that incorporate comprehensive energy systems, including renewable en-

ergy sources, EV chargers, diverse load types, batteries, and thermal systems, to allow for 
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broader comparisons of RL methods like RBC, Q-Learning, DQN, and SAC across multiple key 

performance indicators. 

 

 

7.2 Simulation of SAC – Deep RL for Intelligent Energy Management in GEBs 

The simulation analysis reveals that the optimized SAC agent outperforms other control strat-

egies in building and district-level KPIs. It excels in reducing energy costs and CO₂ emissions, 

managing peaks, and improving load efficiency. Controlling stationary batteries and EV 

chargers efficiently, decreases the frequency and intensity of load fluctuations, supporting 

grid stability. 

 

The optimized SAC also achieves lower electricity costs by charging during low-cost periods 

and discharging during peak demand times, resulting in a cost-effective usage pattern for 

buildings and the district overall. By discharging stored energy in the late afternoon and even-

ing, it minimizes average daily peaks, reduces grid strain, and aligns with high-cost periods. 

 

In contrast, the default SAC often maintains EV SoC at maximum, driving up costs due to 

inflexible grid reliance. The custom RBC, lacking RL’s adaptability, fails to meet optimal SoC 

levels at times, limiting readiness and efficiency. 

 

 

7.3 Challenges of Implementing RL in a Real-World Environment 

Implementing RL in real-world environments poses several significant challenges. While the 

proposed framework of SAC single-agent RL and simulation results has shown promise, tran-

sitioning these methods to practical, real-world applications involves unique complexities.  

The first major challenge is regarding the data quality and availability. RL agents require vast 

amounts of high-quality, relevant data to learn effective policies, which can be difficult to 

obtain in real-world environments. For instance, in energy management systems, detailed 

data on energy usage, grid status, and weather patterns are needed, but data quality may 
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vary, and historical records may be incomplete (Wang and Hong, 2020b). This challenge raises 

questions about data collection practices, the need for standardized data formats, and the 

potential for using simulated environments to supplement real-world data. Additionally, de-

signing agents that can handle unformatted live data becomes essential in overcoming this 

hurdle. In this study, the proposed optimized SAC agent shows potential performance using 

one-year data including simulated data for EVs schedule and predicted data for solar irradi-

ance and electricity price. 

 

The next problem that needs to be addressed is the ability to generalization to dynamic real-

world environments. Real-world environments are often dynamic and unpredictable. For in-

stance, energy demand patterns, weather conditions, electricity pricing, and user behavior 

can vary widely, making it hard for RL agents trained in static or simulated environments to 

generalize well. Adaptive RL techniques, such as meta-learning or transfer learning, could 

help address this by enabling agents to adjust to new scenarios (Wang and Hong, 2020b). 

However, finding a balance between generalization and specialization remains a technical 

and computational challenge. 
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Appendices 

Appendix 1. Energy Management in Grid-Interactive Efficient Buildings. 

GEBs are interconnected, enabling two-way communication between the building and the 

grid, allowing signals to be exchanged that either directly manage equipment or provide in-

formation about pricing and grid conditions. These signals help trigger automated systems 

within the building to respond based on cost efficiency and user preferences. GEBs also in-

corporate intelligent systems, using sensors, controls, and data analytics to optimize building 

operations in alignment with occupant needs while providing valuable services to the grid. 

Moreover, GEBs are designed to be highly flexible, and capable of adjusting loads or tapping 

into DERs rapidly to ensure optimal performance and adaptability. 

 

GEBs are equipped with advanced technologies, including sensors, automation systems, and 

AI-driven energy management algorithms that enable real-time monitoring and control of 

energy use (Bayasgalan et al., 2024). These buildings are designed to dynamically respond to 

signals from the electric grid, such as demand response requests, changes in electricity prices, 

and fluctuations in renewable energy generation. The goal of GEBs is to make buildings active 

participants in the energy system, capable of not only consuming energy but also producing 

and storing it. 

 

At the core of GEBs is the use of intelligent energy management systems (iEMS) that optimize 

energy usage by integrating data from multiple sources, including weather forecasts, occu-

pancy patterns, and grid conditions. These systems ensure that energy is used efficiently, that 

renewable energy is prioritized when available, and energy demand is shifted during peak 

hours to reduce strain on the grid (Jensen et al., 2017).  

 

Renewable Energy Sources in GEBs 

The seamless integration of renewable energy sources such as solar photovoltaic (PV) sys-

tems is one of the most important components of energy management in GEBs (Neukomm 
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et al., 2019). As buildings increasingly adopt onsite renewable energy generation, they can 

function as prosumers—both producers and consumers of electricity (Zafar et al., 2018). This 

enables GEBs to reduce their dependence on the grid and to contribute excess renewable 

energy back into the grid, enhancing grid stability. 

 

 

Figure 29. Typical components of a GEB (Li et al., 2021). 

 

Solar PV systems are the most commonly integrated renewable energy technology in GEBs, 

especially in buildings with large roof spaces (Dean et al., 2021). Solar panels generate elec-

tricity during daylight hours, which can be used to meet the building’s energy needs or stored 

in battery storage systems for later use, especially during the evening when solar energy is 

unavailable. GEBs equipped with energy storage systems can store excess energy and dis-

charge it during peak demand periods, reducing grid congestion and avoiding the need for 

expensive peak-time electricity from fossil-fuel-based power plants. 

 

Moreover, wind energy, although more site-specific, can also be integrated into GEBs in re-

gions with favourable wind conditions (Bayasgalan et al., 2024). The inclusion of these re-

newable sources reduces buildings’ carbon footprint while enhancing energy resilience, al-

lowing GEBs to maintain operations even during power outages. 
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Electric Vehicles in GEBs 

Integrating EVs and vehicle-to-grid (V2G) technology is another essential component of GEBs 

(Neukomm et al., 2019). EVs, which are becoming more and more popular as part of the 

worldwide movement toward clean transportation, are viewed as both mobile energy stor-

age devices and a means of transportation. When demand is low or power rates are low, the 

large quantity of energy that EV batteries can store can be used for charging; when demand 

is high, the energy can be released back into the grid or the building (Mwasilu et al., 2014). 

 

The bi-directional energy flow between GEBs and EVs through V2G technology is crucial in 

balancing energy demand and response. When integrated into the building’s EMS, EVs can 

act as distributed energy resources (DERs) (Mwasilu et al., 2014). For instance, during peak 

hours or grid stress events, EVs can discharge stored energy back into the building to reduce 

their reliance on grid electricity, helping to flatten demand peaks and enhance grid stability. 

Similarly, when renewable energy generation is high, EVs can be charged using excess solar 

power, further promoting the use of clean energy. 

 

GEBs Energy Flexibility 

The ability of a building to dynamically modify its energy generation, consumption, and stor-

age in response to a variety of internal and external factors is known as energy flexibility in 

GEBs. Because of this flexibility, GEBs can support the electrical grid while optimizing their 

energy use, guaranteeing grid stability, cost savings, and efficiency without sacrificing occu-

pant comfort (Jensen et al., 2017). Thanks to DERs such as solar PV generation, batteries,  

and EVs, energy flexibility can be achieved through several mechanisms: load shifting, load 

shedding, moderate regulation, and intelligent energy management controls (Li et al., 2021). 

During times of high demand, GEBs temporarily lower their electricity use through load shed-

ding. Contrarily, load shifting entails purposefully adjusting the timing of electricity consump-

tion in order to reduce grid demand during normal peak hours. This strategy enables GEBs to 

make use of cleaner and less expensive energy sources. Furthermore, load shedding can oc-

casionally result in the reduced load being redistributed to other times. The term "moderate 
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regulation" describes load regulation that happens at a minute-by-minute pace. It is a useful 

tool for applications in current power pricing systems, including 5-minute or 15-minute real-

time pricing (RTP), which usually settles within brief periods (Tang and Wang, 2021). 

 

The figure below illustrates the evolution of a building’s profile as it improves energy effi-

ciency, integrates on-site generation, and offers load shedding and shifting services to the 

grid. 

 

 

Figure 30. GEB load curves (Neukomm et al., 2019). 

 

Specifically, load shifting can be accomplished by managing active storage systems in con-

junction with renewable energy generation. Intelligent control systems can adjust to shifts in 

occupant behaviour, weather variations, or external signals—such as adjusting temperature 

set points for demand response—while maintaining energy efficiency and ensuring occupant 

comfort (Nweye et al., 2024). 

 

Challenges for Energy Management in GEBs 

Several challenges hinder the effective implementation and scalability of energy manage-

ment systems in GEBs. These challenges arise from technical, economic, regulatory, and be-

havioural factors, each of which presents significant obstacles to the seamless integration of 

GEBs into smart energy grids. Some of the major challenges could be: 

 

▪ Real-time decision-making in a complex and dynamic environment: A GEB that integrates 

RES like solar PV and EVs operates in a highly dynamic environment due to the 
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intermittent nature of RES and the unpredictable EVs' arrival and departure schedules 

(Ali et al., 2021). In addition to this challenge, the real-time electricity market often ex-

periences price fluctuations due to grid conditions. An intelligent energy management 

system must respond to these price signals and generate appropriate control actions such 

as storing energy, shifting loads, or supplying excess electricity to the grid. Managing 

these decisions in real time is critical for minimizing costs while ensuring energy supply. 

 

▪ Limitations of conventional control approaches: Traditional control strategies like Model-

Based Predictive Control (MPC) and Rule-Based Control (RBC) face significant challenges 

when applied to complex environments, particularly in scenarios with high uncertainty 

and randomness in key parameters (Yu et al., 2020). These parameters include renewable 

energy generation, the power demand of non-shiftable loads, electricity prices, weather 

conditions, and the schedules of EVs. Additionally, the nature of these uncertainties, com-

bined with the need for continuous control actions and large state spaces, further com-

plicates the use of traditional methods. While conventional methods like RBC are inade-

quate for managing these uncertainties due to their inability to model or respond to con-

tinuous changes, more sophisticated approaches such as MPC or even Q-Learning RL, 

struggle when the action and state spaces are too large, requiring higher solver complex-

ity and longer computation times, which can make real-time decision-making unfeasible. 

 

▪ Lack of Real-Time Data Availability: Effective energy management in GEBs requires access 

to real-time data, such as occupancy patterns, EVs’ usage patterns weather conditions, 

and energy prices (Parvin et al., 2021). However, delays in data collection and processing 

(latency) can impact the system’s ability to respond promptly to dynamic conditions, re-

ducing its efficiency. 

 

▪ Balancing between users' comfort and energy efficiency: The contradiction between 

comfort and energy goals makes this difficult for the EMS because comfort increases are 

directly linked to rising electricity prices and consumption (Shaikh et al., 2014). 
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Appendix 2. Energy Management Approach for GEBs 

Effective building energy management is essential for optimizing energy use, ensuring occu-

pant comfort, and reducing operational costs. Various control strategies are employed to 

manage energy systems in buildings, each with its strengths, limitations, and applications. 

The main control approaches for building energy management include rule-based control 

(RBC), model-based predictive control (MPC), and model-free control. Each approach is de-

signed to regulate system components such as HVAC, lighting, appliances, energy storage 

systems, and EVs, and their effectiveness depends on the complexity of the building, the data 

available, and the desired outcomes. 

 

Rule-Based Control (RBC) 

Rule-based control (RBC) is one of the simplest and most widely used strategies in building 

energy management. This approach relies on predefined rules or IF-THEN-ELSE logic to con-

trol building systems based on sensor data and operating conditions. For instance, if the elec-

tricity spot price is less than 0.001 cents and the battery SOC is low, use electricity from the 

grid and charge the battery by 90% of its capacity.  

 

Despite the common adoption of this method, particularly in commercial buildings, EMS uti-

lizing RBC cannot make adaptive decisions (Fontenot and Dong, 2019). In some cases, a RBC 

strategy has been found to lead to higher costs compared to other approaches (Li et al., 2017). 

In general, RBC strategies are better than the baseline scenario where the system has no 

control at all, but they fall short compared to more advanced approaches (Fontenot and Dong, 

2019). This is because RBC lacks the flexibility to make intelligent decisions in dynamic envi-

ronments. However, its simplicity makes it easy to implement. As demonstrated by Shakeri 

et al., 2017, RBC can work well for a home energy management system (HEMS) in a single 

residence with minimal DERs, such as a solar PV system and a BESS. For more complex GEBs 

including multiple DERs, especially the integration of EVs, RBC struggles to match the perfor-

mance of more advanced control strategies. 
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Figure 31. An RBC in HEMS (Shakeri et al., 2017). 

 

Model-Based Predictive Control (MPC) 

MPC is a sophisticated control approach that makes use of simulation tools and mathematical 

models of the building's energy system (such as the HVAC, lighting, etc.) to estimate how the 

system will act over time in response to specific inputs like weather forecasts, occupancy 

statistics, or energy pricing (Drgoňa et al., 2020). Based on these predictions, MPC optimizes 

control decisions to minimize energy use and GHG emissions while maintaining occupant 

comfort. It considers multiple objectives, such as reducing energy costs or minimizing carbon 

emissions, and adjusts system operations accordingly. MPC is widely used in complex and 

dynamic environments, such as large commercial buildings, where multiple variables (e.g., 

weather, occupancy, energy prices) affect energy use. It is often used in controlling HVAC 

systems, as it can optimize temperature settings and energy use while accounting for external 

conditions and future needs (Afram and Janabi-Sharifi, 2014). 



 95 

Figure 32 shows a common abstract closed-loop MPC scheme, which can be applied to most 

building control systems. The control loop includes the building, influenced by disturbances 

𝑑 (such as weather conditions), which are forecasted by weather forecasts 𝑑̂. The state esti-

mator generates the state estimates 𝑥̂, while the MPC controller optimally fine-tunes control 

actions 𝑢 to minimize energy consumption and maintain the output vector 𝑦  (e.g., indoor 

temperatures) within predefined comfort limits (Drgoňa et al., 2020). 

 

 

Figure 32. Diagrammatic illustration of the typical closed-loop building controller using a state esti-
mator and MPC (Drgoňa et al., 2020). 

 

MPC has been proven to be one of the most effective and accurate control approaches for 

BEMS in the existing research due to its ability to shift loads away from peak hours, adapt to 

unforeseen disruptions, and efficiently utilize the thermal mass of buildings by accounting 

for energy prices, weather conditions, and occupancy predictions (Drgoňa et al., 2020). De-

spite its advantages, this approach has notable drawbacks related to computational complex-

ity, dependence on accurate models, and costs for modelling, data management, expert 

monitoring, and deployment. MPC relies on precise mathematical models and substantial 

computational resources to predict and optimize system performance. Additionally, the suc-

cess of MPC is contingent on the accuracy of these models, making their development and 

maintenance both time-consuming and costly (Afroz et al., 2018). 
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Model-Free Control for GEBs 

Model-free techniques can learn directly from data and modify their best tactics over time, 

without the need for an explicit model of the system they are trying to control (Fliess and 

Join, 2013). ANN, fuzzy logic, deep RL, RL, and hybrid systems that integrate these techniques 

are important examples of these technologies. The distribution of each model-free technique 

from 2015 to 2023 is shown in Figure 33. 

 

 

Figure 33. Model-free control citations share (%) and total citations count per methodology for HVAC 
control from the 2015-2023 period (Michailidis et al., 2024). 

 

A specific area of model-free control, which is grounded in the mathematical structure of 

artificial neural networks (ANNs) such as RL, deep reinforcement learning (DRL) and deep 

artificial neural networks, holds promise for overcoming the challenges of energy manage-

ment in complex and dynamic GEBs. This potential arises from the ability to continuously 

adapt and optimize control policies by learning from the actual outcomes of previous deci-

sions, rather than relying on predicted models (Yu et al., 2020).  

 

Moreover, model-free approaches tend to be more scalable, as they do not require explicit 

system models or continuous optimization. They can handle large, multi-variable systems 

with discrete or continuous nature without being overwhelmed by computational complexity, 

making them well-suited to complex GEBs (Pinto et al., 2021b). 
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While model-based approaches are less flexible and require frequent updates to handle new 

conditions, model-free approaches are more adaptable and improve automatically as new 

data becomes available through trial-and-error interactions with the control environment. 

In general, model-free approaches offer greater flexibility, adaptability, and scalability, mak-

ing them well-suited for complex, dynamic environments where traditional models are diffi-

cult to create. While they require time to learn and may initially be less accurate, model-free 

methods are capable of continuous improvement through data-driven learning, providing 

effective control in the long run. As GEBs become more integrated with variable RES, EVs, 

and smart grids, model-free approaches are potentially to play an increasingly important role 

in energy management systems (Yu et al., 2021a). 

 


